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(a) RGB camera
Fig. 1:

taken under dark and backlit environments

(b) Thermal camera

Comparison of RGB and thermal camera images
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Fig. 2: System overview
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Fig. 3: Example of object detection

T, P —EEGFE LICRE T DB, AR TR
TEHICE#T 5, LiDAR OB 605 HEEEE 8bit @
EICZEHR L, LiDAR 1ZiiW R Z B, LiDARHIEW, B L
ILEREORWHIPAZ A E L CRERBZIERT 5 &
A D L 5 72 iR A5 H AL D, LiDAR O IEHE %4 23
YD AT OmEMBA L BIPRND, SEEEEIE
B OREST TS E > TV b, EOY—FEE L
A5 DOVRFE I E BRI XS LT D7, Y —F
BNOYEE TCOHEBEZRD D ENTE D,

u x 0 ][ T2 T3 4
5[17]= 0 fy ¢f|f2r T2 T3 G2 (1)

1 0 0 11l 132 T33 &3

Z

2. 3 77— bhEH

BT D7 T7— b 2T A%, BITEPRSEO—E
HHNICEALTZBEICT 72— bR+ 2 L2 BEL
TWb, ZZTEHT7I—FERHTHNE I NDOEKEL
72 HEEEEOEH ROV T T 5, —MRICHENIEE
5 FE TIORLEREILERL, 7L —%52BA b0 5 E T
(e Ze ERRRE L . T L — XA AT BEIRETDHET
ICETHIEBNEERE ORI L v ko B D, ZEAEIEREIRIS
Ref] (Bp) X BLOREE (n/s) | HIENFEEEIXH O (km/h)
D 2 F (254 XEBEEEH) OoXTHHIND, BREE
DOFEATIHE 2 10kn/h, SRR E 2 B0, BEEREA: — W%
MREFKTHOWOND 0.16 &35 &, 22T
5.6m, HIEHEEEEIL2. 6m, {EIEEEEEIT S.2m L7ed., BT
HOEIFRTH X, A—H LRI D FEE2NEIAT A
7 U 2 —OEMAONTEY | B 5 E O Seimi
SETOREBL 2.1m 5, LELD 2T 0%, BT
FREEE2 D 10.3m INICAD E£TIZT 7 — b &%
HTOVERH D, e b TEILTEAL L. T 7
— FREEEZITOEEZ 15m &5,



Fig. 4: Example of sensor fusion. The left image

shows the data obtained by the thermal camera and

the right image shows the data obtained by the LiDAR.

Fig. 5: Experimental equipment installed on the roof

of a snowplow
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Table 1: Thermal camera specification (FLIR ADK) [8]

Resolution 640 X 512 px
Horizontal view angle 75°
Frame rate 30Hz
Spectral region 8~14um

Table 2: LiDAR specification (Ouster 0S1-64) [9]
64 channels

Vertical resolution

Measurement distance 120m
Vertical view angle 45° (£22. 5° )

Frame rate 10Hz
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Fig. 6:

where the experiment was conducted.
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Fig. 7: Experiments during snowfall and at night Fig. 8: RGB camera information in heavy snowfall
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Table 4: Comparison of accuracy on clear and snowy

days with a quantitative evaluation using AP

Model Clear day Snowy day

AP AP50 AP AP50
YOLOvbs 74.4  99.1 71.4  99.5
YOLOvHm 74.5 99.4 71.7 99.5
YOLOv51 74.7  99.3 72.7  99.5
YOLOv5x 74.2  99.3 71.9  99.5

Table 5: Differences in computation time among the

four models of yolovb

Model Processing time [ms]
YOLOvbs 35
YOLOvb5m 65
YOLOv51 110
YOLOvbhx 190
4. 5  JLPEEFH]

YOLOVS DT )V CHERRIZ 230 - T2 BFl & Table 512

R, ALPRIINVIDIA st 5/ i a v —4
(Jetson AGX Xavier Developer Kit) FT47-7-, Jetson
AGX XavierDftAfZTable 3127”7, #FTH OB LIS D
FARF T, REEROIERIZ Ins K5, ATEETO
FEEEHEE 12 3ms | E E Do Tz, BATHE ORHIZYOLOvEs %
BHLZGE. LB E L THD DKM 23 40msFEE T
B AT, 25fps (frame per second, 1F0Y7- V) DALBL[A]
¥) BEOT7L—AL— hTEESEDLZENTE S,
LiDARD 7 L— 2 L — K 23 10fps, y—FHATD T L —
LL— kR30fps THDH Z b, ERALT D ETHo7k
W Cd 5.,

KT T7— R AT AT, REEOHEREMHHRT D7
DIZKBIZRT LD ICREED Lt o —%
HLTEY, ZNENICH LT3N ZIT-> TV 5,
FEAEDE Y —OEHRE I T Z1T - 7286 OALPE
R X9fps & 2p o7, UERFERI2E LV A B o 72K
WELTL 2HoE =2 H\WD Z & TH BN
Wl e, WET L7 —FEOWEMNICE a2 Ba
— X OB ROIEA IR ENEZ BND, L LRRnb,
PREFEOBENE & 1227 5 & 2FpsFR B o WUBLIH 73 52
BCeExTWhiE+nFEHNTHL EEZXB D, SBIZT
DUVPRHEFEIZLIDARD 7 L— L L— |k L A% D@ Th
B, KW TR L7277 — b 2T A3, FEEBREIT
OFEREZEELTH 0 7 AE A 2EER>TWD
EEZXD,

person 0.83
person 0.87

person 0.89
-

Fig. 9:
simultaneously with the data in Fig. 8 and applied

Thermal camera information was obtained

to our proposed method

Fig. 10: Example of alert system output
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