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(1) CNN

a) CNN QOEXMIEE

BAAAB=2—F )Ly b7 —72 (convolutional neural
network:CNN) & 1%, HGUHOZEHCHHEINLZ &
MENFETHD, —a—Fxy hU—2%GHL
J2ETLTH S, HRT— R, MO 2 ZocoFE
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mAP(mean Average Precisions) ¥ {Z¥){A# € 7L
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35,
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T#» D, mAP(mean Average Precision) 32 TD Y 7 X
D AP DIED V2o 72b DTH 5.
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recitsion = TP T FP
TP
= —— 2
Recall = 757N @

#-1 TPFPFEN OEFH

| | Ef# | TIER |
EaE TP(TruePositive) | FP(FalsePositive)
M &z ERLIZW FN(FalseNegative)

(2) StrongSORT

StrongSORT® I DFEE OYIARZ BN $ 5 FI1ET
HB. =TT 4 R EMIN S RERYIIREEZEM €
TAERBEHT 5 Z 2T, MEFERE YRR Lz
DF 5. AT, CNN ZfHAAAMRRR LR E O
HB175 22T, MEFHHR HRERE W BRI
Wx W TYRDEI 21T 5 5D StrongSORT DFF
T»%. StrongSORT (ZIFAMFEHIHIZR 1T ResNest50 %
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LWOSKERD . 1 L) DR EDES
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L7AERO R W77 202, K-3Thh, VHHE
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BATEDEITHEICHFEE T % &, Water 52 OFfFEIC &
UR, BEROFEEHITHEL 4.8km/h, VA THE
1X6.3km/h TH2 ERINTED, SREHXN-BH)
HEIZD LB, EZ o3 FEEZ, VikBERICE
WTHTHE L BIHOMHENHEL TV IRE, &
[E W7z GoogleMAP O 1% 0D g R o K £ 23 IEFEE T 72
W e RBIFHNE. —HT, HTHE L HIEHOBE
AR TETWDE I h 5, SHOTFIEIIREHEH]
RE— FHOHEZEDEH L W 2 HICIEEHTH
LeEZILNS.

6. MIRBCSFBEFADRESR

(1) Domain Adaptation DJ&H
a) BREFIICBVWTORES

7 T—Yaryir—&ty b EERLUEEEE 2T
52T, ¥EEToMRoBHBEEICOVWTIE R
RT3 PMERINT. —HT, EFEEIT> TR
WHERT, BERTESE B W R A LD B EITBWTIE,
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H—4 HEWHE T omHE KRS

MHEFEEIE RS 2 L WS MENFEET 5. iRk L
LT, MHEEMRNEARHIRICBWTDT /) 7 —
arvr—&ty bRERL, FEIT LI eRETH
N3y, ETOBAMSICBWTYEEF -2ty %
ES 2 Z I3 RATRETH B, ZD & 5 2z Rk
3 % 7212 Domain Adaptation ¥ W5 FiEZIGHT 3.
b) Domain Adaptation

WAEE TR, R T X BT — 20010
WEPELTWEHE, @Y ERE BT RV
AVEL S, 2L BRBREMHT 57D DFIEH
Domain Adaptation(DA) T# 4. Domain ¥ ZFIZT —
Kty bDZrEfEL, 87— X% Source Domain,
#H|5"— & % Target Domain & FE3. DA & Source Domain
& Target Domain DM DZEZERT 2 Z L 2 HIETF
ETHB1D, KRBV TIEE T —%ty + %
FEEEOBIHE T — ZIEDF 372012 DA ZIGHT 5.
B—4123B3W\WT, BElE ETOMEROE AR
TE2Ze05, MEBHEERICX2ZEIKZV
YEZoNS. £z, RESIDE TSI AT 4y ZEFD
AR EICB TR 7 v 2 ) X a2 FHL, &
RO FEICOW TR 21T o /2. —&BI7% KA
NR =Y DT — RILREITVWEBEDOEFFITER L T
BLl-v s, HEOHEIHERINT. ZDX51Z
AFFICBWT D, TREGEZBHMSR L T 2 5KE
G278 7 — 2 %ER L, Source & Target ® Domain @
PAAEEDT 5.

(2) EREGZFERLER
a) FEEMREROFIE

2B RO ERIZEE L TIX, Mask-R-CNN 2\ 5
Faster-R-CNN 2 & Y IZ L7z VAR VAT XV T —
YavETAEMHTE. A VARV ARV T —
Ta Vi, AR Z CoiRoIREct L,
Be v s VB THEZITS.
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X, BIHNSSH R TH 2 HME R T RIC L HEB
D7D —fGER 2 BRI U TER L EBRZ(F
L7,

b) EERFELHER

SRR L7 — &I, A1 235806
RSN Z 727 — &2y b, —OEEE 57 OA R
BEMRAIz7T =22y FEERL, ¥ET - T 5.
Iz 2 A RRE{SIE 100 KOS OB X 87z, FHii 7 — &
BHiE 107 ) F—YaryF—&XnAatL, F7—XK
v MELO mAP LT 2. B, BN SIS
same-point, FLHHI AT another-point & 5.

FEREREIR-7 D & S 1oREh, B F—0
HRZ2HWEEEICBWT mAP OINEA R X H
72. 0-300 KLDOMT mAP @ _EFEFIZKE L, 300 HIL
FieownwTidRkERBDR SN P57, —HT, —
MBS DST 5C H 5 A IEHR & 1 2 72356 mAP O

BRONT, EREBREMZ TWRWGEE L B L T
BYT2ZeRENTZ. ¥BELDTF—XEy MizBW

THEF MR BT ED N AR TH 2720, &
RICKZEEPRENEEZIONS. ko T, #Hl
M2 RERIC UG RERIC X 228 SR EM ki
BOTHMBFEILEWZ 5.
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DEVELOPMENT OF MULTI-PURPOSE TRAFFIC MEASUREMENT Al
FOR BICYCLES AND PEDESTRIANS AND PROPOSAL OF A POINT-BY-POINT
SELF-LEARNING METHOD

Kentaro OBARA, Hideki YAGINUMA, Shintaro TERABE, Haruka UNO
and Yu SUZUKI

In recent years, Al-based image analysis methods have been introduced in automobile traffic volume
measurement, and a system for automatic observation has been established. However, the measurement
accuracy for bicycles and pedestrians is low, and there are high expectations for the development of multi-
purpose traffic measurement Al that can acquire not only traffic volume but also movement speed, move-
ment trajectory, and other information. This study aims to develop a multi-purpose traffic measurement Al
that can estimate traffic volume and vehicle speed for bicycles and pedestrians. In particular, we trained
a convolutional neural network (CNN) using new training labels and utilized information obtained from
object tracking to enable traffic volume and speed estimation.

In addition, we proposed a self-learning method for each location to resolve the difference in measure-
ment accuracy among locations, and confirmed the effectiveness of learning synthetic images using the

background images of the observation locations.



