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DX T, BRENOEFANCEE T 2 HAMEEZRHT 2V 7 v &4 2 HOZBHEE
PIRET L. HETZFETE, B3 ERAWAREORE, hXF7E2HAWEESN
FHROHEE, LiDAR ZHWENHROHEZ ZETS. T DHEERRIE EKF
(extended Kalman filter) ZFHWTHEINS. I X T2 HWEEHAHEEX, ERAH
ik & 'm0 RAIMEE2 58 Uz DNN (deep neural network) #HW3. ZD#HAIMER
HETZ T, IBE T2 DNNIX, 1 KOHBREBRD AN S ZFDEN G EHGHT 5.
F72, 1883 % DNN X, HERORHEN X E2RAT 272010, KT 2ENAMAEEE L
TETRILT 5. LIDAR ZHWAE G AHEE TIE, LiDAR TaHllX A BB DE
Ko ohEFHZHME L, ZOASFHOEREERT 2 AMEE AL LTHIT 3.
X7 Y LIDARDH S ZHANWSEZ T, b NTERBELRHEELFEHTS. DNN
D, RO NI L L DICENAMEHETE S I 230z, kBT —&
vy N CEIREERITS. 72, BETFENYV TNVEXA LA TRBMETE 2 2RI
DIZ, BIBGEEDITONSE. ZASDMIEE, ¥ 3 2L — &R ERBEOW S TTbi, 1#
RFELICRFEZ IR T 5.
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BEinRy MZBWT, viRy bOHOCZRBHEIZHUNRHED—DTH 5. FHZ,
RELHIET 27-0121%, V7NV RA L TORBHENLETH 5. KBHEEX, —N
2, IEEY e fMEr R EDEEE v EHWTHEE XN, L L, MEE
Y OFHIEICX, BEin Ry NEFOMEED ZENE. X512, HiflaoRy M
i 22 & DIREN D E R, UAVIZHBODO<ILF 0 — X —DIRBOHEL 2N ENZIT 5.
INBHD ) A RFMEEL VI OREINZHELD L. — ), AHREOHENE, F
)7 boNA 7 ADOMEND S, EFLD /A X2 RV 7 b, NA 7 ASHEEHEEZ B X
3. 22T, MEELVHLAFEEL P, BAWICHZET 2720 a3hs e
DBZW (e.g. SINS) [1,2]. L2L, EMEEYHZITIhs OREERS OEIER I
L.

INSDHERRRT 572012, I X T LIDAR & Wizt 4 7 SLAM (Simultaneous
Localization And Mapping) [3] 232 I TW3. LiDAR % MW7z SLAM TIX, ICP
(iterative closest point) [4] > NDT (normal distribution transform) [5] 72 & % HW\C,
RRVIDEL 2 S e~y F U 7382 e THNBEIREHEST 2. A XTEHVE
SLAM &, RRVIEBGORASREE N T v 7 T2 THNBEIREZHET 222
ZWI[6,7. L2LRDS, SLAMIIHENBEELEE S 270, BEAEDPRELSLT
V. BREEEHIET 27012, 3XTHING ¥ oHETERA LS FHENS 8. hb
DHEE, LoV T — R HIHFREXNG TS 2 e THREEMIEST 22N TES. L
PUHBARRD S, TA6DOFEZ, HIKPHESNBRE TOAEMTHS. i, HK
DIEUCIEREE & H DD, EFHODEL 2D, IO Ny XU — )L RMEFHD D & &
BEWET 2 FEBIRERINTVS (9, 10]. ZORFHIE, BIRNOFHERUNHWIZER
LTWBEIRETZHDDTHS. Ziuckb, HRKEZXOFEFHEFHREHNTIZ, U7
ZRIET2ZeDTES. LaL, ZOHOFETIE, REZMT: S RWIIRO R E %k
F2ZeRHLL., A, vy XTI RMEE & D D BWHIRSEM 2 W Tk
EHATIGE [11] TRE L. ZOFRE, RN REEYIHECETOATVWS ] &
WORRAIMEZ R L 72D TH B, 207D, <o v XU —)LREFTHRLE, EXL
TWRWIREFHEDFE T 2 IREICH EHRIRETH 5. LiDAR HBED & $H1E 72 Y- 2
ML, ZOFHOEMREZ D LICHENARMZHET 5.

WETIX, T4 =77 ==V 7PERBHEEICHH I TWa. BIERYL[12] T, end-
to-end ZEEIC L > TIMU OAZ WA FX MY ERELTWS. BHEHFS [13] TS,
Fh4—F=a—F0 %y b7 —27ZHWT, IMUODEH ) £ XOREZFREE LT\, B



IS [14] T, —2—F 3y V=22 HWT, FERYIEGRY o AFREZHEE L TW»
5. 2Oy bT7—=21F, ¥I 2L —XTERSNLEG L EHGZHNTIENS.
KEDY I 2L —Ya ¥y 7 —&I&, Microsoft AirSim[15] Z HWTINE XNz, DT I 2
L—&Z, BEENZHEZEMET 5. BEMLE [16] TIE, 1 OEBRD H1ER, EHRY

FMADHEEINS. ZOTEE, ABDLSI12, BEZ RSP IITEOEENRY SN
HRZHETH2ZeNTE5. 2, BN BSRORICHRAIED?D 5 Z & 2Rk L
TW5. FRERT Y 7T 1IROBHGRD ABHEEICH W SN, BEDORERYT — X113
TFLRWESD, U7 MBRELRY. 2, B dE LD, HEIhZENN
7 MiZix, v Ry EHEONEERRENIE Thw. LarL, 2K, #Hao
RHEP X EZRETERVWEWHIMBEEARD 2. HlzI1X, Lo XEEYTESNT, M
BoTOWRWERADEBN AN INIGETDH, BllokWiEgEH AL TLES. 20
X 5 BERIERSA T2 ERS AT SN IGE1E, BHIL 2R eZ|mAIL 20 e HEERE
HET 5.

FEIOMBEZRIRT 272012, Fekxld, BEHHRDFER T FLZT TR H5ET5
b5 2 DNN 2R L7 [17]). S ORATHIFETIX, S R7zmifEicn U CTRIEZ
RFBZT, HEOREWHRERERHITE S Ze2RaN. 12720, KRERDED
HEE LTV AN, HEEMENZEA I NFLT 2720, BEIHEE SNV, DTS
TiE, EIEEICH S 2FIHEEICOAER L2729, ZOrUIREIIER SR o 7.
LoL, V7ZARA LHEETE, #EEPH IR OREIEMEE 25, 35 —Do0DE
X, ZOHATHRTIES I 2L —aryTr—20AaZHVEFHMALMTOATHWIRNWZ &
TH5.

ZODNNZEF =X TOV TNEA LMEEICHEH T 572012, KX TlE, E7F—&
T774 YFa—="7 (fine-tuning) T7zDNN &, fAHEL V%, EKF (extended
Kalman filter) [18, 19] THAT 3. ABREL Y HICX2HEEHAET S Z 2T, DNNOD
HeEmEH S NI TV B, REFEEEEZEEHTH T2 TES. 25
WIRRTFHETIE, LIDAR ZHWRENAFAHEE [11] G SN 5. [H X T %2 V7
HENR—ZOESFTEHEE [17)) & TLIDAR Z W b— LN — 2 D E ) AHEE [11)
DM %2 MifT L CEITT2EEEUTOMED TH 5.

o 2DODFEENUHNL THNWD Z T, L3282 R ZHPT N TE 2.

o BB R—ADFEEHANVBZ LT, L—IAR—ATREEFY I TBEIMNT
EIRVESRORANEZAH ST 2 Z R TE S,

o L—IIR—ZADFEZHNWS Z 2T, DNN2ZEE L TOWARWT — X 0 RAEL
7B, ZRN 7y TEES ZENTE 5.

e LIDARZHW3 Z Y TREEZMbLIZRBALHET LA TE 3.
F/2, RLTIREEIND [H X7 EAWTEMEEX—Z2DEHHFA#EE] £ TLIDAR



FRWEL—AR—ZDOENFAHEE) 1%, BITHRL ERT, ZhrhdELSE ST,
KX IZ L2 FREHFGEZIUTOHED TH 5.

o ENTMEHET 272722 O0DFE% EKF THET 5 Z & T, RHERAEDHIE
REHERT.

o EZ DNNIIIEATHIZE [17] L R TUT DO LS5 ICE SN TV 5.
— AR HT e 7 — R U TR T 5.
— ETF-RITHEAT 2701, FHIEEHLE 774 v Fa—=V I Tbhb.
o LiDAR % F W BN ATAHEEIZFATIHIL [11] L EERTU T D LS icdiiE@EanTtn 5.
— BISN7-RRETHOEHEEEZZER T 5 X5 RUHEZEMT 5.

AL THEHLET—&XtEy he Y —Ra—REA—FV VRS PV TRBEIRTVWS
(I ZR) .

PUF, 2B CTIHRETFEOHMERL, 3BTV IL—ya v e E MR TOERFIZRL,
4 BETH@mBLUSROREZ LI LD 5.
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28 EBENARCREORANEZFAT
BV7IWNE1 LECEBHETE

ZOETIE, TAREYL Y ZHWHENZBZORRE ), T X 72 HWIEE R
#EE ), TLIDAR ZFW-E A A#EE)] % EKF TMET 2 HOCRBHEED FIELIRE T
5. BEFEO AT LK ZXK 2.1 123, LT, 2.1 8 TEBERIZOWT, 2281 TH X
Z AW E N HHHEEICOWT, 2.3 HiT LIDAR ZHWEEHHF#EEICOWT, 2.4
i€ EKF 12 X 2 HEEFRROMAITOWT, ZAEFIURT.

[ Angular velocity w ]
Gyroscope
Gravity
Hcamera, 2 Attitude ¢, 6
DNN K Output
Gravity
LiDAR point cloud processing }—>

2.1: Proposed EKF architecture.
Gyroscopic angular rates are integrated in the prediction process in the EKF. The
gravity vector estimated with a LiDAR is integrated in the update process in the EKF.
The DNN outputs are integrated in another update process in the EKF.

2.1 PERERDTESE

7 —)L RFEFERL, BRBICECIN-ATHRIERE L TERIN, 70 2 #IshE LA
xr—HT3. nRy MEERIE, BRy MCEEIN-AFHEIERY LTERIN, #
D o Ry FOEITHME =TS, THAODEERIIK 22 ITRENS.

2.2 AXSERHWIEEHAREE

REFIETIE, vRy NEERICBII2ENHMZHE T 272012, DNN IZJES A
BRI L. BEHHRRMRONHERELZE R TS0, I oMTcREEINS.

4



World frame

2.2: Coordinate description.
This study defines a robot frame and a world frame. The object of the study is

estimating the attitude of the robot frame in real-time.

2.2.1 T—2tv M E

TRty M, AXTHEGLr, ZAUHIET SRRy MEERICBII2EINT ML
THRXNS. RKIIETIE, >Ial—SarF—ReEF—ZOMAFZINETS. M
23127 =&ty bOflERT.

YIal—yaryr—&Ey NI ArSim[15] TIEEXN S, AirSim ik, Fr—r%H
B Y DY I 2L —& T, Unreal Engine FICHEER XN TV, ZORHEIE, HENIC
VINRT T 749 7 2 TCEX22THE. AfFETIE, I21—XHANDFa—>
W2, IMU & AR 28T 5. BARYy POZEFA L KRIERTIX =X Z2EhZTh T VXL
Zex ¥, KLBTOBEBRENMHEERY MLEGERT 5. AHKTIE, vRy bORITE
X (ZEHO#H) X2 m, 3 m] ICREXIND. RIS, =LA ¢ & ¥y F A0 OHEFZ,
ZhZh [-30 deg, 30 deg] ICHIFR = 5.

FE7F—&tvy ME, IMU(Xsens MTi-30) & 5 X 7 (RealSense D435) Z4&5#{ L 7=t > ¥ —
24— FEHWTINET 2 (K24). 2Otk H—2A4 — F2FTELEY, HEE M
HENT MVERRT S, 2P —DEND 0.1 deg LT T, 2D, HiAT v I TithklL
72 REB» S 5 deg LEREN /- 22D A, T—2BMRFEEINS. 2O IMUIIRMEHL, &
ZRREECT T2 KEE GRZ02degUN) ZHLTWE L8, ZhrHELE AT, &
72 IRRED IMU 7 — X 2835 Z 2T, BINRIREETH > TD, DNN 2FHHIRED
IMU ZHB$5IeHATES. DFD, nhy b HEONHEECIRE) 2 & X2V



N7 MR EI LS.

g=(2.120,3.739,8.803)  g=(2.336,-1.561,9.397)  g=(3.601,-3.423,8.380)  g=(2.342,-0.562,9.501)

(b) Real data

2.3: Examples of datasets.
The dataset consists of images and corresponded gravity vectors g[m/s?] in the robot
frame. The examples in (a) were collected in ‘Neighborhood’ of AirSim. The robot pose
and weather parameters are randomized for creating the dataset. The examples in (b)

were collected in the campus of Meiji University.

2.2.2 T—AXEMIE

BN T =R LT —ZISHIEENEH XN . X512, FERIBET Ry 7
TT—XKELEZITS. K251, BET 7 —XKELFEOHZRT.

ARST—RDEH

FANERE, T—REKE LT 572D 50%DHERTRIEX N 5. KIEDRE, By
FF—REKELT B0, FVRLIRET T 74 BB EAINS. (REOY Y F
Z{tE AG X [-10 deg, 10 deg] ICHIR XN 2. KREF T 7 4 BIBOEIROEX W, b &
8w, w %, ZRENUTO LS ICEHEINS. K2.6121E, ZOEHOMIEXKZRT.

S b des(P§Y) L beos(FGE —|Ad)
tan(F5) cos(EG — |AF])’ sin(F57)
F v
h’:h/2—dtan( oV —]A9|) ., W' =h—-"HW (2.1)
d d
w/ = Ew’ w” f—y Jw



2.4: Sensor suite.

Images and acceleration are recorded with this sensor suite when it is still. The judge

whether it is still is processed by programing. Note that depth information from
RealSense D435 is not used in this study although it is a RGB-D camera.

ZZT, h, wikFhZUTEBOEZ LR, FOVY (< 271) &7 X 7 OIRESEFA (field-
of-view) ZRT. THIZ, B— LT —XE/KELT54DIZ, HiEE T VX LI EERS
%. R AplX, [-10 deg, 10 deg] ICHIBRE 5. 206 DUEH DL, Hiffi% 224 x 224
VP4 XEZN5. RGBIEIX, mean = (0.5,0.5,0.5), std = (0.5,0.5,0.5) IS & 5
WIERbX N3, Fk D Python DEEICE D L, REF T 74 BEINZ 2 Z 8 THEY
R 4 51272 5 Z 8 ICERT 5. 72720, ZHUIIIicoABER I N 720, Hiaks
ENCTITFZE L R0,



480 X 640 244 % 244

Flip (50%) >{ Homography A6 >{ Rotation Ag >‘ Normalization Resize
Flip (50%) Rotation AG Rotation Ap >{ Normalization

2.5: Data preprocessing.
Each input image is randomly flipped, transformed and rotated according to A# and
A¢. This example shows an image when Af = A¢p = 10 deg. It is also resized, and is

normalized. Each label vector is also transformed acording to the image preprocessing.

IMU F—2DE#:

SV (IFfR) T—ZDEHRZ Py, FEHOEIREHIIGE TEBXNS. EHD
VLB T ARENLL, FEEMRELT2DIC L2 BRI EHENS.

§= Rot{_,, Rot(_,, & (w/oflip)
Roti_ ;) Rot(_y, ‘(gz—’iﬁﬁ’gﬂ (w/ flip)
1 0 0 cos(Af) 0 sin(A0) (2:2)
Rotipng = [0 cos(A¢) —sin(A¢) |, Rot{y, = 0 1 0
0 sin(A¢) cos(Ag) —sin(Af) 0 cos(Af)

ZZT, gld7T =%ty MZEENE T~ (IEE) OESRZ ML, Rot*, Rot¥ 3%
nEn, z, yiEbh OEERTHZ KT

2.2.3 Ry brU—U1E

BEXDNN 2K 2.71ZRF. v F7—21%, CNN (convolutional neural network) J&
¢ FC (fully connected) JETHHMINTWVWS. 2y VT —=IANDANIV A4 &z
HRTHD, HINIENHFROFEEFIRT b e GEITIHITH 5. BEITE S &, FCK
8 DTN (110, foys fy Loy -+, Ls) THH, FEHXZ bvp L HTEATHIZ X, 2hz
23, 24D &5 IERE SN L. HOBITHIORRICHV SN S T=AFTHI L%, x4
AT IEDEEFOREN D 572, TN OIHEBEBEEHT 5.

o (e gy )T (2.3)

(s s )"
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2.6: Homography.
The pitch data of the dataset is augmented by the homograpgy transformation.

exp(Lyo) 0 0
S=LL", L= L1 exp(Ls) 0 (2.4)
L3 L4 eXp(L5)

CNN Bl v VR Y OfREEErHH S 2720 cHAIN, FCEXESABEYE T 5
7D XN S, $2E DNN O CNN B2, ImageNet[20] THFIE L7z VGG16[21]
DEY 2a—NVZ2ERHAT 2. BREEE, BRIy b7 —IDRIDOR R T DIDITHEE
ENZBDTH-oTD, EHEMRLTZ b TE3 (22, REENEERL 2B, &
PE(LEIE . LT ReLU BI%L 23] 2T 5. M NBEZRETOFCETIE, @Y
% [AEE3 2 72 912 10% Dropout[24] Z AT 5.

2.2.4 18BREHK

TRty bOGMEFEEL, HIOWREENRRIZERD Xy b7 =785
A—=REHEHFTSHI T, DNNIFEHe et h52 e Ttx3. #HENZLRIE
FADICHES CIRET 5 &, #HEwTY a, LOBUTH S, 5oL X, T~
T =R g AN T BHERELIILITO XS ICHHEINS.

1(n A \TS =174 N
P exXpl—3\g. — K, D (QL—ML
p(gL“"l’L’EL): ( 2( ) ))
(2m)9|%.|
ZZT, dEIZEBOXIE (e BEHETIEd=3) TH3. *v T —TZIZHERET L
BRI L7012, p(g.|p, ) ZRAETZE5CHIT 2. 7 —&+Ev b Dbl =

, d=rank(X) (2.5)
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ch output

3 64 128 256 512 512 100 18 9
— - C3 C3 C3 C3 C3 F|F
C3| + C3| + C3|C3| + | |C3|C3]| + C3|C3| + + | +
& | " | R T |RP+|+|RP+|[+|RP+|+|RPR|R|F P (Uohy iz Lo, Ls)
R |+ R | + R|R|+ R|R |+ R|R |+ + 1+ l
P P P P P D|D
224 %224 224%224  112X112  56%56 28%28 14 14 Gl x
hxw r(@li z)
L Y J L Y ) L Y J
CNN layers (= VGG16 feature module) FC layers Loss function

C3: Conv2d(3 X 3), R: ReLU, P: Max Pooling, F: FC, D: Dropout(p=0.1)

2.7: Proposed network architecture.
It consists of CNN layers and FC layers. The input data is a resized image, and the
output data are a mean vector and a covariance matrix. They are computed with an
output from the final layer as Eq.2.3, 2.4, respectively. Log-probability of multivariate

normal distribution is used as a loss function of this model.

{go, -+ .90, , gup} BRITHT B HERE pioga (&, UTDESITREL THREEINS.

#D
DPtotal = Hp(gL“lm 2L> (26>

=0
ZZT, #DZ7 =&ty "DV U IV ERT. BRNBIIHEFAEMER DT, BA
WEERZ Z T, UTDOXSICHMILT 2N TE 3.

#D
Pt =Y Inp(d.l i, %) (2.7)
=0

ZIT, pB IHMAEEOERERT. ZAUCED, RETHEWVNS B TELD R
FBZY, AHaX I ETITRI N TES. 51T, pX, ZRAMETE 22, —p%,
ERMET 2L LAETH 2729, REFHEOBREL o) BUATO XS ITERZ N
%.

l©) = ~Prora (2.8)
ZIZT, OBy NI —TDEALNRNTIA=—RERT. T4 —T7—=VIZ2HwsZt
T, FRLoBEKBEEEzR/IMET 2 X518, RTIAXA-KX O ZEHRT 5.

2.2.5 Z=E{t

R X =% 0 O tizld, Adam (adaptative moment estimation) [25] ZFHW5. &
Ral—yaryi—XEHVEFEETE, FERBIIreny =1x1075, lrpe=1x107% &
$%. ZIT, lronx (& ONNBITHEM E N2 HEE, Irpc 13 FCBISHEA XN 2 28R
Thb. ETFT—REHWEI7 74 VFa—=V 7T, FERIIDNELIERESN, £
NEFNlrenn =1 %1078 Irpe=1x10°TH 5.

10



2.2.6 AEHITODORIA

AKIFZETIE, LT O n RO NN S ZRT DO ERET 5. ZOHEIE, THOKE
Wi ]H T 5 7-DICHWHNA.

N=\02X 02X o2, =0y 0'5 Oys (2.9)

2.3 LiDARZHRAWEEHARHE

ZOHiITIE, LIDAR ZHWZL— L RX—2ZDENHEHEEZIRRE T 5. IETIETII,
ZOHEEFERE EKF THRAT 5. O CREINZHEE T, 22 EREIC
BTHONTWVWS ] WO RAIMELFIAZXN S, ZOMAMEICESWT, LiDAR SEED» 5
MECFHEIZHM L, 2R oDEMAMEERT 2 5M%Z, EHAMe LTS5, 7R
L, AEZRET 2700425 ELTED, BENOETOVHEMAMETDH 2 LK
FELTOVWADIT TRV, ZOHETIE, KAZADS VIV Fx v > DAHEHWTHE
179728, MEOERIRV. ZOFHEE, i DLBITHIZE [11) 12D 28, RIFFET
B SN ZREFHOGEHEEZEE T 2 M TRER S, BRI, LiDAREEAD
2V, FRALEIME T 2 FEHIFECENHHEICHEL 52 5.

2.3.1 KFLREBZROHE
LiDAR CHUS T 3 5Bt2 C 3 5.

C = {007"' y Ciy vt 70#0}7 C, = <Ci,x Ciy Ci,z) (21())

ZIZT, ¢ ldu Ry MEERICBII 2 ENDEE, #C 1RO ERT. K72 ) 5D
% /% k-dimensional tree[26] THET 5. LY HrHE VI RHOEEIN NI LIRS
729, BRFEEFX, VIR LEWIERELRDZIIITHEINTNS,

= alc (2.11)

B'={ - ck- - ,cypi} (2.12)

TIT, o BHECERORBIES, B Y M OFEBARIERT. BN (PCA)2T]
BASEBARECHEN L, HREEN 2RS35,

N = {no,-“ y Mgy e vt ,n#c}, n; = (ni,a Nip M nLd) (2-13)

11



ZZT, nldaRy FEEERICE T 2IEROERR T 2 RS (e, nioz+n,y+n;.2+nq =
0) . FHEDESWVEEFH DOERELTORFTEEST 5. 22T, HEEINIIERE
N (eN) v¥53.
o TR FNICT7 4y T 4 Y7 ENFFHE DRREDT /N W,
H =y |7 aChye + M pChiy + M7,cChz + Mgl
e =
7]

< TH, (2.15)

k=0
TIT, 3R ICBIB 7 4y T 4 v VA, TH, 137 DB IS 5 RMIE
RT. TOBMEICX - T, FHRE IN-HEOARHHEB XN S.

o IERDBHTIZ .
#Bz > THup (2.16)

ZIT, THyp (BEEROBOBEZRT. ZOBEICE-T, do& D Bl
NTVWBHIDADPHE IS, £z, #B'DWNITEB L, NS RDTV
e, ZOBEX e ZEMBRDDICT /200D THH 5.

o EfEn; DK HmiEV. ZHUIMTO K912, #iRAT v F7OEN OHEEMEZ TTIC
HiWrxns.

1 M1 T

Il [pe—a| 2
22T, BURIEM n; SHEEAKEEA T AR, po 3RER Ty S t-1 TR
NIzENRZ ML, TH 3ZOMEDORELZRT. ZOREICK > T, FHEMODA
P EN S, 2T KD, HEEHIUE Ge SHETRWEH) Z2HHT2ZL%
WD Z N TES. ZADA[EEREEHIE, oty 2HWTEKF A TEE%
FRNCHEEL TWA 05 THS. SWIRZ 2L, BiRAT Yy TOHEE w1 IH 3
REDOEHEERHZ205TH 5.

Bt = |cos < THpg (2.17)

2.3.2 depth-Gaussian sphere D4 B{

BE SN EHREE N O Tolhs %, FrllcBEi XS Taft S B4R T 5. KD [28]
13 Z DHBEZ ‘depth-Gaussian sphere” EFEATW S (cf. Tk DFEATIHSE [11] Tld Gaussian
sphere[29] W HNTWS). X 2.8 12 depth-Gaussian sphere D#ERX 2R3, HA7EK
IR ZE 523 5 Gaussian sphere D {4 D I depth-Gaussian sphere & H W 2 HHIX, =
FOVHZ L DEAMNILTHECHWEZDTH 5.

S={ s isunds si= g (m my my) (2.18)
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Robot frame
A S
- A
~~. \
p; ’ \
4 - = / \
—_—- ﬁt&"—;“a— ¥ \
} \
i \
I |
: 1
1 I
1 I
\ I
\ 1
\ !
\ \ /
\\ \ /
\ pi /
\ e
N LAYk L’
Hi S \ ’
~ 7
~ ‘ -~
"'"..., ] -
"""-_______*.-"

\

2.8: Depth-Gaussian sphere.
Noramls of vertical flat planes are extracted form LiDAR point cloud, and they are

converted to ‘depth-Gaussian sphere’ S = {--- s;,--- }.

2.3.3 depth-Gaussian sphere D97 S5 XX 1) > 5

M (depth-Gaussian sphere) SIZXT LT, AIER—ZADZ F X)) V7 REHT 5
(cf. %‘a/\? DIATIZE [11] TlE2—2 VU v REHR—2D 27 5 2% 90 Y BV shTW»
%). ZZT, WIZZ7AXDEE, w; FRENOLEFH (B) 2ET.

W ={wy, - ,w;, -, waw}, w;= {S(J]"... 8], 78;%} (2.19)
220 2Hi7zd e %, X221DX5CH 8137 T AKX w; TIN5,
7/ = min{y},7'} < TH,
j Ez#qgj Sz' j Zl#lgj 51 (2.20)

1
’y+:cos v = cos
|3||Zzosz | — S||Zlﬂsl

w;+ =s; (2.21)
220 i/ X0V ZiE, K22DXH s IFHLVWI I AR LTEREINS.

W = {s;} (2.22)
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FRDIZIRAEY 7T K 5T, RUADZWN, FRIFESTDAIANZEL T FRARXD )/
VAFREL RS, AE A OB ER LIRS, 7L 23 TRL 4L BFHET M ENE, X
HTIZ 9AX—DNEZHAET 2 212, A—ERLOXRT MLVONFEZET 2 7:0T
H5.

FRED I T ARY) VTR, X ANV INT T ARIIERI NS 20, KIETIE, R
223 TERINDZ I IARXR—W DENRZ MLOHEEIHHINZ Z 21Tk 5.

T 2T, THyp X Y NI T 2HMETH 5.

s Ty,

Robot frame

2.9: Angle-based clustering.

Points of depth-Gaussian sphere are clustered based on the angle vi and 47 . Points

with larger norm affect the direction of each cluster more.

2.3.4 MEEZAWVWEELDARHERE

ORy MEERICBIIBZENRZ "p %27 5 AZ W ZHWTHEE T 2. #EE1Z, #
T2 L3512, ZIRAXRDBMHAW IIGEL T, UTFTORHETIHEINS.

o #W > 1DIFHE, 75 AX—DNEHIENIRZ b p e LTHEEZNS. X 2.10a

14



WETEHI RS, VAP KENWT T AR-IFY, WEIHERL52 5.
#W #wj/ § #’I.Uj// §
B= Z Z sf, X Z s{w (2.24)
353" G #3") \ =0 =0

IR T v TOHEEME ey Zﬁ’*fﬁfz.sg, X Zsiu MRTANI0 deg KD HREWVWE
BiE, AERY PV 2 RERSE 5.

o #W = 108G, HAT Y TOWEM iy ZHVTENIRY ML p 2HET 3.
[X] 2.10b IZETHEFIZ RT.

#w; #w;
B = 1 — (Mtl : Z Sf) Z S{ (2.25)

=0 =0

o #W =0 DA, BEHNRZ ML p 3HEE S 0.

PR Ly,
Robot frame w Robot frame
T Xy, X Ly¥
ATl
H Hey
(a) #W > 1 (b) #W =1

2.10: Gravity vector estimation.
When the number of the clusters is more than one, the gravity vector p is estimated as

(a). When the number of the clusters is only one, the gravity vector p is estimated as

(b).

2.4 EKFZRBAWEUZILZA LERHTE

HEFEHETIE, K210 X512, AHEEYL Y OFHHENE, #H X5 %ZHW DNN OH#EE
E (2.2#7), LiDAR % H W= S X 2 HEEM (2.3481) %2, EKF CTHET 5. £

15



RBRANT YT ANEZDIREERZ Pl g, @Ry bOr—L¢ L ¥y F 0 THEEIATH
3. .

_ <¢ 9) (2.26)
RRERZ bV @ e HEUTHI P %, Tl vt e EH 70t 200G TERERIICEHE
INB. MEEL Y OREE, FHTrEXTHEEINS Q41H) . AX ML
7- DNN O#ffEfH e, LiDAR Z AW i LBIC X 2 #HEEHIX, Zh 2R 2 E 7
o 2 CEHlXNS (24.2, 2431H) . 22T, t@ERERATY 7, S, Cy TyldZh
Z#sing, cosg, tang DigE LT T THWLHNS.

2.4.1 BEEtLVYZAVEFAZTOEX
IREENRZ ML ¢ ¥ HOEATHI P 1E, ZRAZRLUTO LS I EER 2.

Ty = f(illt Lug—1) — Lt—1 + .ROt(a3 l)ut_l
Wy, At
t 1 Sy, Ty, . Cy, T (2.27)
U1 = wt—lAt = Wyt—1At s Rotri}t’ ) — <O ¢g’1 01 ¢t; 9t1)
Gt—1 T P¢t1

Wy, At

ZT, fIRREERET L, wdHIERY ML, widMEEL Rl S 3EMA
%f&, Rot™ |33 DRI TH %2 3K 5.

of

_Pt:th_leflJ‘f;r_l‘i_Qtfl? ']ft 1_ a

(2.28)

Tt—1,Ut—1

ZIT, Jp3fovarry, QIETuatR 4 XoRGHITIIREET.

2.4.2 AXSZERAVEEHIOEX

TEUE n SR E WSS, DNN OHNEENE NS, n OHEIIIEIE TH, 258%E S h
THED, n< TH, &/ THERD AH EKF THHlE N 2. BHINRZ bLE 2 2T 5.

z = /lcamera (229)

Z 2T, ficamera (& DNNDQOHNENZES ORI v A2RT. BHlET LT h &
T5.

h ROt)((yZm ) world Gworld =
¢ |gw0rld‘
Gworld

Co.Cy, 56,50, Cyp, — Cg,Sy,  C,50,Cp, + 5,5y,
ROthZ) = Cgt Swt S@S@t Swt + C(;st th ngt 591 Sﬂ,z - qut th
- SHt S¢t Cet C¢t Cet

(2.30)
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Z 2T, Gworld \&7 —V FEEFERIZBIF RENNRT bL (e gyond = 9.8m/s?) , Rot*
ERZ PLDOEEETHR RS, Tat R 4 XOHSEETHI RIZ, DNNOHH S % Hwn
TRESINS.

2 2
§05 Ouy Ouz O} Oy Ogs
_ 2 _ 2
R= |0, &0 0., X=|0p 0, 0 (2.31)
2 2
Oza Ozy 50-,3 Ozz Ozy O

TIT, ERDTWERET 27DDNANR—RFGRX—=R LT 5. REXT FLax & HITHE
T P&, £hZNLLTO XS KRR ENS.

Ty =z + Ki(2t — hzy)), Pr=T— KiJp)P
Oh (2.32)

Jht = a_m s Kt = BJh;r(Jht-l)t']htT + Rt>_1

T

CZT, Jyhidhovavrry, K754 AT5, IIENITHZRT.

2.4.3 LiDARZHWEEHIOEX

DT OBHIRZ vz 2z HWT, 230, 2.32 LFERIZ, REEXRZ L e & HgEET
P % ZNENEHT 5.

Hiidar
= |M1'd | (2.33)

Z T, pMidar W& LIDAR ZFHWTHEE XN BZESINT FLERT.
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E£3E FHMEE

3.1 DNN DE2RIHETE DIXEE

FRTHRESINLDNNE, T —&2ty P2HWCEIRIEH, 7A M TF—%tEy b
ZHWTEHIi X A7z,

3.1.1 FEURb
BEEC W FEOEREUTTELD 3.

e ‘MLE w/o rejection’ 1%, 2.2 i TR TN TV AEEDNN 2K 3. MLE l& Maximum
Likelihood Estimation (FJCHEE) DOEETH 5.

e ‘MLE w/ rejection (ours)’ i&, ‘MLE w/o rejection’ & 2Ry bV =2, X5
X=RZHW5. L, #EmS N T/ NS WYV TV D A ZEHEE DMRGEE
WHWS., 2% D, PHOKRENY Y LEANEE L TERHIXAS. R29DnH
HEERO L X 2R T AE LT, B TH, IC X > THOBD/NS WY ¥ L% 3R
T35, AEETE, ZOMEE TH, = 557 n 255, 22T, #DIE7 A b
F—RYy FOY TN TH 5.

e ‘Regression’ ¥, FC &M ED ‘MLE (ours) LIFERZ 4y PV —7%2KT. 20D
I bU—=21%, £ EERVIRTTOENIRT P LT 5. 2L, B
S [16] 1ICFHEDOWTHEEIN TV, 72725, BEIFS [16] 138 IZ ReLU %
HHALTWED, ReLUIEDEL 2N LR W, T2 TR L2 EF bz @A S
5. R LT, v o R RRE (MSE) ZHW5

e ‘Statistics’ 7T =Xty FDITN)L (IEfR) X7 MVDEEg%, 2% 2 T s
PN T BHETHE. O2Fh, 2V TLOLRBERHET 201 g %
w2, ZOFEOMARHETZILIE, T—Xty FOEEREAZHET 2D
YRICLTHS. KFKETIE, ZOFEER—RATL ALY,

3.1.2 EHpiF¥EH

SEOBIFTHH LT — &ty h2E31ITRT. 2y P 7—21F, 10000HD> I 2
L—>aryr—2% 27 (Dataset#1) ZHWT, Ny FH4 X% 200, TRy 7%
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300 ¥ LCHllX N7z, X512 1000 fHDY > 7 (Dataset#2) &7 A MEALE. &
5 1F AirSim @ ‘Neighborhood’ TYNE Nz, FIfT—X Ly b T XM TF =&t v b

RGN,
Larybta—xzlHLE.

ARz, W-2133 CPU, Quadro GV100 GPU, 32 GB RAM Z#5#
DAy a—xzHWIIRIEH 43 K205 7.

FEREFOEKEZK 31127y L. BEIFET VX, MLEETLED B0
BAOPNR L. £3.218, 300 =Ry 7 0¥EROBREZ RS, 7L, MLEET /LD
RSy, FIREF L OEEBEBPRLS Z L IERT .

£ 3.1: Dataset list.

id# Environment #samples Usage
1 Sim. AirSim’s 10000 Training
2 ‘Neighborhood’ 1000 Test
3 || Real Areal 1108 Fine-tuning
4 Areall (daytime) 443 Test
5 Areall (nighttime) 447 Test
44 — Training — Training
validation 104 Validation
5] |
0.8 4
~ 01 T
<V‘ E 0.6
E ¢
g -2 1 =
= 8 04
™ 0.2
Ea MQA‘ w"*- 0.0 1‘*—\__
o 50 0o 150 200 250 300 0 50 00 150 200 250 300

Epoch

(a) MLE (ours)

Epoch

(b) Regression

3.1: Loss plotting of training.

Note that the loss function of the MLE model and one of the regression models are

difference. Therefore, their values can not be simply compared.

7% 3.2: Loss after 300 epochs of training.

Train (#1) Test (#2)
MLE (ours) [m/s?] -6.5002 -6.5961
Regression [m?/s?] 0.0014 0.0031
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313 I77A>Fa—=->y

FROFERIFEDR, BT —REHWETI 7 A v Fa—o v T8 Tol. 2y FU—2
X, 1108 HDFE T — &3> 7L (Dataset#3) ZHWT, Ny FH A4 X% 200, TRy
%300 & LCHIRE 7z, X 512890 D> 7 v (Dataset#4-+#5) %7 A MfEH
L7z, ZNDIEHBERFZDF v VSANTINEZIN DD TH 5. ¥HHT XLy b
TRAMHATFT—=ZEy ME, RIUF v Y RRAWNTIEEX N, ALY 7TV, £z,
Dataset#5 3B DT —XTH 5.

T7 A4 vFa—=VROBREEZRK 3217 ey L. £3.31Z, 300Ky 7D
77 AV Fa—= v IROERMEERT. EF—XTOEKHEZL, 774V Fa—=V7
WED/INEL otz LL, TAMF—&ty hTOEKEZIIHT— Xty hTDIE
REIDBRKELL Lotz T —Z TR TF—RXRTOERDEENZL T B0
X, EOEHRT—XZ2HWTERRTOIDERD S.

= —— Training 0.012 — Training
validation Validation

1
5]

0.010

1
w
=
o
=1
L=

Loss [m/5~2)

0.006

|
A
Loss [m™2/s™4)]

0.004

-6

0.002

T T T T T T T T T T T
0 50 100 150 200 250 300 0 50 100 150

T T T
200 250 300
Epoch

Epoch

(a) MLE (ours) (b) Regression

3.2: Loss plotting of fine-tuning.

The fine-tuning made the loss values on the real data smaller.

7% 3.3: Loss after 300 epochs of fine-tuning.

Train (#3) Test (#44+#5)
MLE (ours) [m/s?] | -6.2295 -4.4907
Regression [m?/s%] 0.0018 0.0105
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3.1.4 EHNZEZHTE

Il (: /lcamera) %}EﬁL\VC, %ﬁ@g%&zﬁ&jénﬂ{‘y }§%®D—]b¢, EO‘Y%GZI)S\*E
EEIND.

~ ~

—1 My -1
¢ = tan E7 0 = tan m
YIalb—yari—&ty FTOHED MAE CHFHEAE) 2K 341”7, ‘MLE
w/ rejection (ours)’ \ZBWT, 1000HD 7R b4 > 7 (Dataset#2) D55, n < TH, =
25 20 m, = 0.000120 m*/s8 {73 795 HOY ¥ TSRS Nz, Z ORI O
Tty bTHMEAEIN. ZOMEZHWCTERSNLY Y IV ER 35 ITRT.
EKF—&ZEy P TOHEMD MAE #£ 3.6 RS, TAMF—&+Evy +Tl&, ‘MLE w/
rejection (ours)’ DFRZIFMDFEDIREIZHENTHNEIWHGR IR o 7.

‘MLE w/o rejection” & ‘MLE w/ rejection (ours)’ Ztti#$ % &, TH,IC& 57 1 L&
VY IWENTHS bbb, IR Ay MY =23 0udTs et /13 2% 2 & TAHE
MEIZERBFLTWBEZenbhrsd. ZhZMHRT 572912, K3.312, Dataset#2 D55
R X N BUE n DR D/ PNE V10T e, mHKEVWIOH Y FLERT. K 3.3b
DY TME, HSDIZ, BHITRZHEE S 572D O RESHERIIFFICY R, BEDK
XWEHAS RSN S, 2L, BREAY PT—=21F, REwn 2352 8 T
MEERFLTWS., — AT, fEROEIFETNLTIEINS BT 2 HENZ V.

‘before fine-tuning’ & ‘after fine-tuning’ Z T 2 &, E7F—XZ2H\W/zT774 ¥ Fa—
VTR EDBEDNEL oz, 7740 Fa—=0 7DDV Y TAEIEEE 137k
WS, TONSVERETHET 2 2 e TEL. ThUE, RERSIal—Yaryr—X&
ty bEHWHEAFEPENTH L L 2RBRL TV,

FEATHIZE [17) L R L T, AKX DOFERIF I DBV DR o7z, TS, 7—XIKE
LOHENIRER LICFG LTV ZEZ2RRLTWS. E7F—XOIRICIIRE L 557
Dbz, T—RKEUIIKRHICEZRETH 5.

KHED T —% (Dataset#5) IZEHT 2 &, ‘MLE w/o rejection’ & ‘Regression’ DFR7E
X, HFR D7 —% (Dataset#4) ITHARTRE R o7%. ‘MLE w/ rejection (ours)’ Dk
EPRELBORP-TDIZE, K3.4D X512, HAREDEETHHEDD I D/NI WY
TAD, BETH, TERINLPSLEEERETE L. LLEL, K35 LD, KHOT—X
t v b (Dataset#5) TIXEHIZIN =YV TVDEDZ o7, TNEfi> 7=, IBEF
FEH A 723 T2 L LIDAR B HWTED, ZOHEMEERETHRIAET 5.

(3.1)

3.2 2IZal—XTOUTILRA LHEEDIRE

I 2L — X TREENIMHRGER =D, UAVORITY I al—yaryr—22Hu
T, BRBREINZEKF ZH WY 7R A4 ARBHETEEMEE L 2. RIFZEE, UAV 720
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7% 3.4: MAE of static estimation on synthetic data.

Method Angle Dataset#

[deg] 1 2
MLE Roll 1.206  1.982
w/o rejection Pitch | 1.022  1.992
MLE Roll 1.014 1.368
w/ rejection (ours) | Pitch | 0.824 1.121
Regression Roll || 1.012 1.948
Pitch || 0.852  1.902
Statistics Roll | 15.080 15.344
Pitch || 14.998 14.783

# 3.5: Number of samples selected by MAE w/ rejection (ours).

#Selected samples Dataset#
(percentage [%)]) 1 2 3 4 5
Before 8388 795 672 175 102
fine-tuning (83.9) (79.5) (60.6) (39.5) (22.8)
After - - 883 238 141
fine-tuning - - (79.7) (53.7) (31.5)

WEHLZEDDTIERWD, HARBRZATHHTE2%20, 794 b2 IaL—X%EFIH
L.

3.2.1 FEUVXFbB
BRIV FEOERLUTTELD 5.
o ‘Gyro’ I, MY I CHllT 2 MEELEE T 2HETFEEET.

o ‘Gyro+Acc’ &, IMU Tatll3 % g & IEE 2 A $ % EKF NX— 2 DHEETFIE
ZRT.

e ‘Gyro+NDT’ ¥, 32J8® LiDAR ZH\ /= NDT SLAM[5] 2% 3. MA#E L ¥ T
TS 2 A, EMEOWHERE, NDT 2%, EKF TfgEhs. 272L, B
EDHERE D HFHAIRE R DIF, BREDNS I 2L —XTH272DTH 5.

e ‘Gyro+Regression’ (&, FAHEE X Tl T 2 MA3HE L, HFHR Y b7 — 2 CHER
SNBZEIRT PV EHET S EKF R—RADHEFEERT. 2y bV =05
DOHINZFTNTEKF iZfia I b.
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% 3.6: MAE of static estimation on real data.

Method Angle Dataset#

[deg] 3 4 5
Before MLE Roll 2272 3121  5.483
fine w/o rejection Pitch || 4.816 5302 8.442
-tuning MLE Roll || 1.762 2.265 2.139
w/ rejection (ours) | Pitch || 4.043 4.590 4.919
Regression Roll 2217 2727  5.601
Pitch || 4.292 5.082  8.229
After MLE Roll || 1.505  2.728  4.673
fine w/o rejection Pitch || 1.349 3.081 4.701
-tuning MLE Roll | 1.253 1.904 1.930
w/ rejection (ours) | Pitch || 1.114 2.285 2.282
Regression Roll 1.264  2.299 4.733
Pitch || 1.296 3.029 4.732
Statistics Roll || 15.803 15.286 19.948
Pitch || 10.277 13.419 15.913

o ‘Gyro+MLE 1%, A#EL Y CrtillT 2MHE L, 8RX DNN (K 2.7) Otinz

MET 5 EKF X—2OMEFEERT. #HamS N 08IHy R E WSS, HEHm

ME SN,

NANR=RF X =21F, TH, =12 x 10"

4 m?3/sC,

E=1x10% &

EXIND. Zhoid, 3.1 BOMGER R Z FICTRD 7.

e ‘Gyro+DGSphere’ 1%, AMEE L 3 TEHllT 2MHHE L, LIDAR ZHWATFiE (2.3

fi) TIEONZEIRT M LERE

¥ ‘depth-Gaussian sphere’ D& TH 5.

e ‘Gyro+MLE+DGSphere (ours)’ I 2 #ETihX7z
ZRIKET 572012, LiDAR EEBED 357D 1 DIEHRD A%

LN NR—= TR — R BRI TITRT.

3.2.2 REREZMH

Fa—rDfITT —&IiE, AirSim @ ‘Neighborhood’ TR X 17z,
DAR D% > 7))V ZRENE, ZHh 284 100 Hz,
ZIIINAE ) 4 A5 & -, %0) J 4’ X,

rad/s, 0.5 m/s?> D IER IR

23

T % EKF R—XDHEEFEEZ RS, ‘DGSphere’

X DIRRFEE RS, AR
FHET 3. ZoFERTHA

IMU, X7, Li-

5Hz, 40 Hz T»H 3. IMU D 6 #li 7 —
FIME 0 rad/s, 0 m/s?, FREE(RZE 0.5

. BfTa— A %X 3.5a 1R



= =

A 4]

\

)\ : Robot frame : True gravity g 7 : Inferred gravity g = )\ : Robot frame : True gravity g 7 : Inferred gravity u

(a) Top 10 smallest variance n (b) Top 10 largest variance 7

3.3: Synthetic samples (Dataset#2) sorted in 7 values.
The DNN tends to output large error and variance when the image does not have

enough landscape imformation.

IIERENE
\ / \ |

* : Robot frame : True gravity g 7 : Inferred gravity pu _L_: Robot frame : True gravity g ,/: Inferred gravity u |

(a) Top 10 smallest variance n (b) Top 10 largest variance 7

3.4: Real samples (Dataset#5) sorted in 7 values.

The DNN tends to output large error and variance when the image is dark.

HEEIZIX, 17-6700 CPU, GTX1080 GPU, 16 GB RAM Z## L /-a v a2 — X ZffiH
L7z, ZOary¥a—x%ZHW/DNN OH#imEtHE 1% 0.01-0.02 72 5 72. ‘DGSphere’ D
STEREEN, BT v 7801877 - 7.

3.2.3 EERER

FERHPICHEE SN/ LB ZK 3.6 127 my b L. RIS IHEEINTZED MAE 2/~
3. ‘Gyro+MLE+DGSphere (ours)’ @ MAE FiOTFHEIZLERTHNX {72 o7, ‘Gyro’ 1
BHRRAEDNRE L otz IR A4 AHGERTNT, MOBHIA RN, ZHudHR
DZETH5. ‘Gyro+Acc [ FFEEZER L o7z, Lo L, oY ONEEHEIIEZe Ry
FEHBDOIRES ) 4 AVREENTWB D, BIRENRE L. —f, EBEFIETIE,
ZFNOEEFHVEINT MLVEBHIT 2 Z N TE 5. ‘Gyro+NDT X LiDAR W3
ZET, ‘Gyro' EhWwo < DEEZFRE LD, BERAZIDIRS 283 TE R o7,
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7% 3.7: Hyperparameters.

o 0.09
TH, 0.05 m

THyp 10
THg 15 deg
TH, 5 deg

TH 20

TH, | 1.2x107*m?/s°

3 1x 10°

‘Gyro+Regression’;, ‘Gyro+MLE’, ‘Gyro+DGSphere’, ‘Gyro+MLE+DGSphere (ours)’
X, HEESNLENIRY PAZEHIT 2 Z e TEBEREZMIE L. ‘Gyro+Regression’
Y ‘Gyro+MLE 2T 2, n W KEWDNN O N EFEHNT 2 e ENTHL L
Bbrolz. ‘Gyro+MLE TiE, RITH1C, BE TH, 12 & - TH 13 %OHEamp TR S 1
7. ZHUT XD, PHEFEEOSVH OB ZEET 5 Z AT ER. KFiZ, ‘MLE T
&, ZEADFIEE [-30 deg, 30 deg] R 2 &, THIn DBKE LR BMEADD - 7z.
—J7T, #mEEAIT LT, MEERBIET 225, ZOEZOBDEHS 7280
2, BEFERIE, AXTEHWRENAGAHEE L, LIDAR ZHW-E 5 AHEE D /5
EHELTWS. BT, FHl7at 2 (24.181) 3% 51600 [E, 5 X 7% WEH
7'at R (2.4.2 #i) 1347 3100 [B], LiDAR ZHW=EH 7ot 2 (2.4.3 #i) 1349 7400 [E11T
bz, DFD, LIDARR—ZREH X IR—ZADM T OMERMET 22T, BiEM
ERBIETAEEPHEAT-Z e 2EBRL TV, #REPR AT, #EXN/-EKF T
FNOEMETAIEDENTH L Z bbb o7z, #BREFEZ, FERINICIE, IMU T
FHHI S AL B NIHEE S SLAM 72 EDMOBBIZHET 2 Z L bRIEETH 5. —J7, AEBR
TiX, FHiz kD EHICT 272012, AEE L DNN O, iU OM DA ZHRE
LTW3.

7% 3.8: MAE of dynamic estimation in simulator.

Roll [deg] Pitch [deg]
Gyro 36.786 28.473
Gyro+Acc 6.451 5.387
Gyro+NDT 32.514 23.995
Gyro+Regression 4.317 3.071
Gyro+MLE 3.389 2.410
Gyro+DGSphere 3.288 2.407
Gyro+MLE+DGSphere (ours) 2.772 2.141
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(a) Simulator (b) Real world

3.5: Driving course.
The drone flew for about 9 minutes in (a). The sensors were carried for about 5 minutes

in (b).
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3.6: Real-time plotting in ‘Neighborhood’.
The graphs show the estimated attitude and the inferred variance in the synthetic flight.

‘MLE’ tended to output large variance n when the angles exceed the trained range [-30
deg, 30 deg].
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% 3.9: MAE of dynamic estimation in mocap area.

Roll [deg] Pitch [deg]
Gyro 6.012 5.100
Gyro+Acc 2.509 1.648
Gyro+Regression 2.843 2.730
Gyro+MLE 2.367 2.003
Gyro+DGSphere 2.365 1.878
Gyro+MLE+DGSphere (ours) 2.242 1.839

Ground truth on flat floor
Per =0 deg, Ot =0 deg
[ r—————

Start

S€nsors S€Nsors

3.7: Dynamic experiment.

The ground truth on the flat floor is assumed to be ¢y = 0 deg, 0y = 0 deg.

7% 3.10: Error of estimated attitude at last pose in outdoor.

Roll [deg] Pitch [deg]
Gyro+MLE+DGSphere (ours) | 40.515 +2.110
Gyro +5.268 -5.047
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