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Abstract

This paper presents a real-time self-attitude estimation method which utilizes the clues to the direction of the gravity
hidden in images and structures of the environments. In the proposed method, the angular velocity is integrated using
a gyroscope, a camera-based method estimates the gravity direction, and a LiDAR-based one also estimates the gravity
direction, respectively. These estimations are integrated using the EKF (extended Kalman filter). The camera-based
gravity direction estimation uses a DNN (deep neural network) which learns the regularity between the gravity direction
and the landscape information. By learning the regularity, the proposed DNN can infer the gravity direction from only
a single shot image. The DNN outputs the mean and variance to express uncertainty of the inference. The LiDAR-
based gravity direction estimation extracts vertical planes from the surrounding environment measured by the LiDAR,
and outputs the gravity direction based on their normals. By using both the camera and the LiDAR, more robust and
accurate estimation can be achieved. To show the DNN can estimate the direction of gravity with uncertainty expression,
static validations on test datasets are performed. Dynamic validations are also performed to show the proposed EKF-based
method can estimate the attitude in real time. These validations are performed in both simulator and real world to compare

the proposed method with conventional methods.
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1. ¥

BEoRy MZBWT, BRy bOHARSEHEIFIANREED D TH S, KT, BEAEFIHT 272012
&, V7 IVRA LTORBMENBETH D, BARTIX, MR, NEEX Y2 aHE v Y720 2 oElk
UHEHAVWTHEINS., UL, IEEL Y OFHMEICE, BEn Ry NEGOINEESEENS. X5
2, HEgRo Ry MIHE S S DIRFOME L, UAVIZHEOYILVFa—XDIRHOME2 T NEThZI17 5. Z
NS0 A4 RINEE L VY SRESNDIBENRD L. —F, AEREOREMITIE, R) 7 hPN1 7 ADRE
Ndd. EED /A XN 7N N7 AIMEHEZELIES. 22T, EEZEE Y AEEYL VT,
HA\MIHSET 2 72DIZE S5 Z 2 A%\ (Vaganay et al., 1993). LU, Bt Y723 Tcihs DREE K
S DIFIEE IZHEL .
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INS DRI T 57217, 1 AT % LIDAR % A\ 72kk% 72 SLAM (simultaneous localization and mapping)
(Thrun et al., 2005) BEE I N TW5. LiDAR %\ 7z SLAM Ti&, NDT (normal distribution transform) (Biber
and StraBer, 2003) 72 &2 HWT, HRVOE LS EMET Y F VI IRB I L THNBHE2HET S, HAT%
W7z SLAM i, RERFEGORESRE %2 NI v 75252 L THEBEIREZHEET 5 Z L D%\ (Mur-Artal et
al,, 2015). L2 L7222%5, SLAM (ZHNBEEEZER T 5720, RERENBELP TV, ZORBRELMHIE
T 57012, 3TN OHFHIFERN L < FMHA ST NS (Quddus et al., 2007). ZN5DFEE, o F—&
HATERZ M IMTIT B Z & TEZMIET AN TES. LrLUARALDYS, ZhsDFEE, HEIAHAEIN
RERETOAEMTH D, £/, HKOERIIZR 5703000, HHEBEL KD, YUY XY T—)LR
IO & BEAEHTE T 5 FIEBIREIN T WS (Hwangbo and Kanade, 2011).  Z DARFHI, BREEA O FH ¥4 A3
HWIERLTWBEIRETEEDTHS. kb, M2 EoHEFEREZHNTIZ, R 7 2METEZ
EDTED. LAL, INSOFETIE, IRERZMIZILWYIADRERZEEITLZ EDH#H LW, Hxld, oy
K227 =)V MMRELE O B ENHIRGA 2 W= FiE %2 BfTirst (B, HBH, 2019) TRELZ. ZOFEE, T—
IR EEIDRREIZ T O NT VWS | CWHBIAMEZRHL7ZEDTHB. TDH, YNy XV T —)L R}
<, BRUTWARWREFEHVPFET 2EEICHEHETH L. BRNRHEE 1L, LiDAR SHE» S
EREHEML L, ZOVMOEME S LICENAAZHEET 5. Ellingson © OHf5E (Ellingson et al., 2017) T
X, 1 OEG» SER, EHRY MULDBHEINS, ZOFER, ABDOLSI1Z, TEEZRAEZIITEOEEMN
B INARAEHEETZ 2D TES. 2, EHAREEASORICHIIME D2 Z L2 RBLTWS. &
AT Y 7T 1 OGO ADBHEZIZH SN, WEDORRIT — X ITIIMKFE LW, U7 MBRFREL
N, Fz, BV EIIERZY, HEINEZELORY MLICIE, BRY N EFONEEDPREIXE R0,
UL, ZOHBEIZIE, #HROAHENIZRHETERVWEWIEENRD S, HIZIE, LY XAHREEYTIESN
T, fAIEE>TORVWEADEBGEN AN I NZGLATS, OB WHEREZH DL TLEDS. 20 &S REERER
MARFREEN AN S NZGEE, MALZNE2RNL W fEERENELRT 5.

FREOMEE RS 272012, Txlk, BEHANESERIES S TH I3 5 DNN %% U 72 (Ozaki and Kuroda,
2021). ZOHATHIZRTIE, HAOEINZo0EEICN U CEEZERIT2 Z LT, MEOKREWRZFENTEELI L
WRINT, 72720, KRERDEAEL L TWARIE, HEEIPEHINGIT S0, BENHEEINLWV. Z
DRATHETIE, FIEERICTEENHEEIZOAERH U720, ZOMAEMEIZIE R Sahr o7, L, VY
TR A LHEETIE, HENHEISNARVWERIZMEE 25, 5 —D0REI, ZoXfTHETIEYIal—
YavT—ROAEAVEZFHMELAMTONTWEWI 2 Th 5.

ZODNN ZET—RTDY TIVEA LHEEITHETAT 272012, KX TlE, EF—RXTI7AvFa—=22
(fine-tuning) X #72 DNN &, fA#E ¥ %%, EKF (extended Kalman filter) (Julier and Uhlmann, 1997) Tt &
T3, AMEL VIZLSHEERKEE TSI T, DNN OB EN S NI TWARE, IREFHREIHEE2E
JAITH AN T2 2N TES. X5 ITHRETIETIE, LIDAR 2 HW-EH GAEE (BIF, H2H, 2019) HHaX
N5, [ 7 AT %2R BEWTFE R —XDESHHHEE (Ozaki and Kuroda, 2021)] & TLiDAR Z AWz )L —)L X —
ADESFm#EE (B, BH, 2019)] OMifizlift UTHEIT I 2HMEHIZATO®@ED TH 5.

¢ 2 DDFEEMIMUTHNS Z & T, MNERBAZBMNTIERZWEPT LN TES.

o BT ER—ADFEEHAVEZ LT, V—ILR—ZATIFETY V452 LHTEHRWESOH AN % F]

ATBIENTE S,
o L= R—ADFFEZHNBEZ LT, DNNDBEHL TWRWT —XDABFELUZERIZ, TRy 7T v
TEHESZENTE S,

e LIDAR 2[5 Z LT, T7AF YDA, BRZMOLTRALZMET LI LN TES.

F72, KX TIREINDG [HATEAVEBERFER—Z2AOEH HHE] £ [LIDAR 2 AW —ILR— 2
DOENAAMHEE] 1, BATHERLRT, ThTNHERZED. KX L2 ERFSIEILATOED TH S.
o HASMEWET DH7-702 ODF%E EKF THAETHI & T, BRMESEOMEMRS 2P,
o {25 DNN 13261745 (Ozaki and Kuroda, 2021) ¥ (kR T T D LS izl EI LT WS,

— AR T — XK L SR EA T 5.

- ETF—RICHEAT 572017, fIfiFHE 77 A v Fa—= v IR Tbhs.
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e LiDAR % W 728 )1 AR X/ (BiE, JH, 2019) LERTUTO LS IZEINT WS,
- B NZEIRELHEROEHEE2ZET 5 & O LB EZENT 5.
AKHXTCHALETF—XEYy bV —A2—REFA—FYVRI MY TCAINTWS™,

2. ENFAEREORUEEZFNATZYT7ILIA LECEBHTE

ZOETIE, MEHEX VY2 WS EAZICORE] , [ AT 2HWZE ) SMHEE] , [LIDAR % i\ 7=
HEHMHEE] % EKF CTHAT2HORAHEOFILZRETS. REFIEOVATLAKEZR 11257, UF,
2-1 i CHEERERIZDOWT, 22HiTHA T &2 HWIZEIHRHEEIZDOWT, 2.3 #iT LiIDAR % H\W 7z E I A#EE
IZDWT, 24 iTEKF 2 X 2HERRDOMAIZDOVWT, ENEIRT.

Angular velocity @
Gyroscope
Attitude ¢, 6
DNN EKF Output
Gravity
LiDAR point cloud processing

Fig. 1 Proposed EKF architecture. Gyroscopic angular rates are integrated in the prediction process in the EKF. The
gravity vector estimated with a LiIDAR is integrated in the update process in the EKF. The DNN outputs are integrated in
another update process in the EKF.

2.1 EERDEE
7 —)l REERAIL, BECEEINAETEERL L TESIN, 2O zi3hE g —%T5. ofy b
FERERE, Ry MIEREINATHEERE LTEHEIN, ZOxilizoRy voliThme —8T 5.

22 HAASEAWEEAAAEE
RETIETIE, Ry MNEERIZBII2ENARZHET 572012, DNNIZJERM#SE2ZESE5. EHHRA
RO TRREFNE R Z BT 272017, EHE HhoRBlaNn5.

221 7%ty b IE

F—=REy ME, HATHEHEE, THUIHIET IRy MEERIZBIISZENRYZ ML THERI NS, K%
T, YIab—varvy—REET-XOMAZINETS. K227 Xty FOfilzRT.

vYIalb—yaryiF—&ty biE AirSim(Deng et al., 2009) TIEI NS, AirSim 1%, Ra—VPHEHL LD
Y3 a2 b —2XT, Unreal Engine FIZfEEINT WS, TOREHIE, RNV TR T 714y 7 RBHITE S
ZETHB. AWETIE, YIaL—RADORO—IZ, IMU & AT 2HHKT2. aRy bOZES# L Kig S5
A—=REZINETNT VX LIEIE, FRBTOEBEMEERY MVEGHT S, AFETE, Ry O
RATE S (ZEhO#PH) X [2m,3m] ICREI NS, R, B—ILfA ¢ ¥y FA 6 DHEIPIE, ZTHEH([-30
deg, 30 deg] IZHIfR X 5.

FEF— X+t v i, IMU(Xsens MTi-30) & 77 X 5 (RealSense D435) Z## L7zt v ¥ — A1 — + 2 W TILE
T35 (K3). 2Oy —Z2A— b2 FTRLEY, EHELIMEERZ ML 2EHT 5. 0.5PHETOE Y —
DFENH 0.1deg AR T, 2D, BIAT Y I Tk U7z B8N0 5 Sdeg LA LB ZIZDA, T—ABRIEFEIN
5. ZOEMIE, T—RNERHZ 2 VY ARRIZND 2 AR ERRE 2 R T 272D EI NS, 2O IMU XL
Bk L, EHAZIREBTHOAKEE (B2 02deg AN) 2HELTWA 7o, IThEkEEE AT, #HNZRED IMU
TFT—REZET LT, BNRRETH > TH, DNN BEFHIPRED IMU 28B4 222 T&5. 2Fh, 1

“Thttps://github.com/ozakiryota/attitude_estimation_walls
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Ry bAGONEERHRE 2 & £ VIIHER S ML HGRI NS,

r O S . - oA ‘pv
\ 5, b ; i F ’) % |

s ? = RO | >
I~ S € i
£=(2.790, 4.521, 8.193) £=(3711,-4.009,8.073)  g=(2.857,-1.053,9.344) g= (4(13 0419 8.651) £=(2.120,3.739, 8.803) £=(2.336,-1.561,9.397) £=(3.601,-3.423, 8.380) £=(2.342,-0.562, 9.501)

(a) Synthetic data (b) Real data

Fig. 2 Examples of datasets. The dataset consists of images and corresponded gravity vectors g[m/ s2] 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.

Fig. 3 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.

222 FT—YHEINE
BEANT —RETRNT—RIFUFORTLENEH S NS, 512, FEHRIIBIRY 2 TF—XKEL
IS, B4, RET LT — XKL FEOHZRT.

o NATT—RDEH:
FEATEBIE, T —REKELTB72012 50%DMHETHAELANIKIEI NS, KELHOK, Yy FT—
REKHUT BT, FVRLIKRES T 7+ ZWAEAI NS, KEOY Y F21E A X [-10 deg, 10
deg] IZHIBREND. FES T 7« BHBOEBOES W, 0" LiEwW, w’ i, THZTRLATDO LS IZEHRE I N
5. K502, TOEBOBIEMZ R,

7% r_ M d" = gCOS(FOV —|AB])
tan(FOVV) cos(FOVV |A9|)’ sm(FOV ) )
FOVY d d
h'h/2dtan< |A9|), W=h-W, W/:?W’ W'/:yw

ZIZT, h, wiETNZENTLHEEBEOE X LiE, FOVY (<27) 1347 A 7 DIMEMHEM (field-of-view) 2FET. &
502, B=LTF—REKMLT L7012, HhpzE 7 X LZEEEI TS, BEEME A¢ 1, [-10 deg, 10 deg]
CHIR X NS, 05 OO, Mkl 224 x 224 1I2) Y1 A& 5. RGB{HI%, mean = (0.5,0.5,0.5),
std = (0.5,0.5,0.5) IZfED & D 1T I N 5. L2 EGICEH T 2HEIE, ANINhET—XDAT—
NEBFAZBIET, PFER2LEIRL-OTHS. HEROERE(L L Y Y1 Xk, MR ﬁﬁﬁé%é
4 D Python DFEHKIZL DL, FET T 74 BHENMA S Z & THERMIN 451225 2 LITHERET 5.
72770, BEIFIICOABEH I NS 20, HEEREERIZIZEZE L .

o IMU 7 — X DZ i
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) (Eff) T—2OEIRZ ML, LEOEGEBIZEU TEMING. HAOD/ IVAZFET 0
B, FEeEAT IO L2 EFLbEHINS.

{Rot< )Rot _A6) \gl (w/oflip)

Rot}_,, Rot!_,, 85 (v flip)

2

o

(-A¢)

ZIT, g7 =Ry MZEENE T (IEfE) OESHNRZ ML, Rot*, Rot’ IZThZh, x, ylliEb
D DElEEATY 2 KT

Original FOV -4,

L

480 X 640 244 X244
Flip (50%) } Homography A0 >| Rotation Agp Normalization Resize
Flip (50%) Rotation AG Rotation Ap } Normalization

Fig. 4 Data preprocessing. Each input image is randomly flipped,

transformed and rotated according to A6 and A¢. This example

shows an image when AO = A¢ = 10 deg. It is also resized, and is

normalized. Each label vector is also transformed acording to the image
preprocessing. Fig. 5 Homography. The pitch data of

the dataset is augmented by the homograpgy

transformation.

223 v hT—UE

EZEDNN 2K 6 IZ/RY. *v b7 —21%, CNN (convolutional neural network) & & FC (fully connected) J&
THERINTWS., 2Y b7 =7 DAY A XShEBTH Y, HOEENARDEERS FL eIty
BATHITH 5. BEIZE D &, FCEAMEDHIIE (U, hy, 1z, Lo, -+, Ls) TH Y, FIRT MV o & H5HATH]
E, TNENA3 DL ICERING. ESEATHIOFFIZHV o NS N =M1 L%, A3 I EOMHEz
DRENDH B0, TNOITHBBEKEZEHT 5.

(fhe, ty, 1) " exp(lo) O 0
fr=——2mnBl s LLY, L=| L exp(ly) O ©

T
| (b, My, 1) | Ls Le  exp(Ls)
CNN BTy V7 K OREEZ M T2 7201 S, FCEBIXRASENEZ2FE T 20T EI NS, IREDNN
@ CNN J&iZ 1%, ImageNet(Deng et al., 2009) THE]FHE L 72 VGG16(Simonyan and Zisserman, 2015) D€ ¥ 2 —)L
ERATS. ZOXIBEBERR, BB T2y V=IO R AT DEDIZEEINZEDTH-TH, ¥
BERET 52 £ TE % (Panand Yang, 2010). BA&H %2R 21, 7EMEEEE Y U T ReLU E8#X (Nair and
Hinton, 2010) 2 {ffi 3 5. REHIEZR< S TO FCETIX, B¥E %2 RS 5 72O IZ 10% Dropout(Srivastava
etal., 2014) Z{FHT 5.

224 BRI
T ADNN L, HEPEHEHCTELAEERITS> 22T, IT—2 Yy NOF— A0 h22ET 5. 21
IZ& D, DNNIZANICHT 2P ke TcE s k5105, #@TEa, Xosirsls, »E5x6hi
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ch output
3 64 128 256 512 51 100 18
-_— e C3 C3 C3 C3 C3| [F]F
C3| + C3| + c3|Cc3| + C3|C3| + c3|C3| + + |+
o R+ | R o+ |+ R+ [+ |[RP+|+|RPR|R|F > (hohybslo Ls)
R |+ R| + R|R|+ R|R |+ R|R|+ + |+
P P P P P DD
224%224 24x224  112X112 56%56 28%28 1414 §liL
bxw r(glax)
T e T ' T
CNN layers (= VGG16 feature modulce) FC layers Loss function

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

Fig. 6 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.3,

respectively. Log-probability of multivariate normal distribution is used as a loss function of this model.

LED, FEINNVT =R g TS BMHEREE p(g, |, E) 2RAET ZB7dic, HEMM e 2D &SI
ET 5.
1 A A~

i R exp(—3(& —£,)"'27'(8, - 1))
l = - lnp g U ,2 y P g ﬂ 72 = . : :
0=~ L Inp(Rli B, @ E) b

, d=rank(X,) 4)

ZZT, Oy NI —ZDEANRNTA—X, #DIZT—X2y bOY UV TIINVEEERT. T4 —T5—=V %M
Wb Ze7T, LEoBEEEBRERMETEEDIZ, NTA-ZXO2EHTS.

225 ik

NT A =R @ DEuEfkiZiE, Adam (adaptative moment estimation) (Kingma and Ba, 2015) ZfH\%. ¥ I a2l —
Y avF—REMWEEETIR, BRI roay =1x1075, Irpe=1x10"% 245, ZZ7T, Ireny (& CNN &
CEAT NS FEE, e RFCRICEAINSGZELTHS. ET—X2MWET 74V Fa—=v I TR, #
BRIFIIONILSEEIN, TNFNlrenn=1%107%, Irpe=1x107 23 5.

22:6 THEMNS DRI
AWZETI, ATDn BHGROAHENP T 2RTEDEFEST D, TOHEIE, DTOKRESWHEGRE RS L5720
HWS NS,

2
02 Oy Oy,
—Jo2x o2 x /o2 _ 2
n=1/0}xy/o}xy/0? E=| 0y 0} 0 )
Oy Oy O

2.3 LiDAR ZBWEEAHABM#EE

Z DHITIE, LIDAR Z W2V — R —ZADENHAHEZIRET 5. REFIETIE, ToOHEHE%EZ EKF T
HAET 5. ZOHTREINSHE T, T MRNZEYDMEICETOSNTWS] LW BAIER RIS, Z
DOHBMEIZFEDNWT, LiDAR BN SERETFHEZHIHE L, TWoDOEMAM L ERT 5 A%, EHAME LT
HHT 5. 72720, HEERET 2720054 %2%ELTE Y, BENOLTO HEMPHETH S LIKEL T
WBDLIFTTIER. TOHETIE, BadcDY v IV AF Yy DA ERWVTHEZITS 120, #EAEDEHMITR
V. ZOFER, Tx ORATHIE (BIF, HE, 2019) (ZFO A, A TIRE S 2 SN E S E OEHEHE %2
BRI LM THEL S, BARIZIX, LIDAR #EMD%Z W\, 3@ BT 2 FHIEEEN G Er
522, @ ITAET 2 VHZ2 EAMIT T S, LiDAR OB AORM: |, LiDAR 75 OB K E WE Y
FHAEIFE YA <, YMAROREGEEZBRIL X T WIS TH 5.

2-31 SHEATHEOHH
LiDAR THUf$9 2 mifif2 C £ 3 5.

C:{C(),"' ’ci’... 7C#C}7 ci: (Ci,x Cz}y Ci,Z) (6)
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ZZT, ¢ 3uRy PBERIZBITSEEDOME, #C 13 EOEE2ERT. {7 ) HO#E S % k-dimensional
tree(Bentley, 1975) TR T 5. LU Ih 6@ WEEFBOEENNS b2, HREE AL, voIhr o=
WIEEREL BB IDIZERESINT WS,

—r @)

Bi:{"'ackv”'vc#Bi} (8)
ZIZT, ol dFREDBIER, B 137 T e DIEFESEEE RS, EHD O (PCA) % &35 s Em L,
TAvT A VI INEHDOESGE N LT 5.

N={no,---,nj,--- ,ngn}, n= (”i,u nip Nic ni,d) )

ZIT, #N KER 7 v 71 YT INEHEHOB, n 130 RY MEERIZB T2 FHOKD 2 RS (e nigx+

nipy+nicz+nig=0). 270U, n%u+n%h+n%6:1 L35 FHEDOEWIREYHZ A TNOFEMETEET S, Z

T, BEINEFEHOESEN (eN) 2T 5.

N:{"'»nfv'”vn#ﬁ]} (10)
o ERML ZTNIZT 4w T4 VT EIN P & DEENT /NS V.,
. #B
e = Z |n;’ack7x+n;’bck_y +1; —I—n;’d| < TH, (1D
k=0

ZIT, dRFHn TB BT 4y T4 VU, TH, 3T OMEICNT AR RYT. ZOMEICE-T,
VI S NGO AT E 0 5.
o EFERDENTR% .

#B' > THyp (12)

Z 2T, THyp lEMFEROBROMIEZ RS, ZOBMEIZE->T, FoE 0 LBHI L TWAHEDOALHE
5. FTz, #BHUNSTED L, & BNELBDPT VD, ZOBEIX e 2EMREDIZTEZHDED
THEH 5.
o FMf ny BFREICFE . ZHEATFO LS, BIAT Yy TOEOHEME TICHKE N 5.
G T
Il 2
22T, B ny DM HEEACET A RS A, p,  WEEZT Y Tt CHES RN B,
THp 3AE BT T 2 MIEE R, ZOBMICE->T, SMEROANHHENG. ZhiZkD, #EHN
i (e SRIETRWER) Z2HHT2I 228220 TES. INRTRERMAI, ot ¥ 2HWT
EKF WCTZEB 2 MENIHEL TWE RS THS. SWHZ DL, HIAT Y 7OHEME p, | 1ZHDBREDRE
R DML THS.

B’ = |cos™ < THp (13)

2-3-2  depth-Gaussian sphere D4

BESNEZVHOES N OLTOEMOESZ, FAICBBI S THEES 24K T 5. HKS (5K, BRH,
2014) 1 Z @ fikE% ‘depth-Gaussian sphere’ ¥ FFA T3 (cf. 4 DYEFTI5E (B, HMH, 2019) TlX Gaussian
sphere(Horn, 1984) 23\ 51T\ 3). X 7 (T depth-Gaussian sphere D& %279, AR Z2HE TS
Gaussian sphere D2 1 IZ depth-Gaussian sphere % i\ 2 B, EHGDOFHi%Z & D HAMNIT U THEEIZH WS
72HOTH 5.

S={spsmmt, si=—nmy (”za iy "i,c) 14)

ZIT, s; 3ABES OFRTHY, Vil X TOHME n;, TEHAMN TSNS,
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2-3-3 depth-Gaussian sphere D7 5 245 Y V5

Rt (depth-Gaussian sphere) S IZH LT, ER—AD 2 AR v 7 %2#EHT 5 (cf. Fx DX&ITHIZE (B,
HH, 2019) TEaA—2 Yy FEHR—AD I 72X ) Y IHRHVLNTVS) . 22T, WIEZ 7 AXDOES,
w; FEREANOXFmE (BE) 2R

W:{W(),"',Wj7"'7W#W}7 Wj:{567"'73{,"',sj#-wj} (15)
K16 2METEE, R1TOES I s 17T AL w, KHAS NG,
L . ‘. #wj J . e #w; j
¥ =min{y.,y } < TH,, y_’%:cosflis’ Z;woslj ¥ =cos™! L Zl#u?slj (16)
Is:l1 X201 | = ;11208
Wj(-WjU{SlY} (17)

AN16 27z o Ed, AIBDIIITH s ZHLWI IAXE L THEIND.
W —WUWpew, Wpew = {s8;} (18)

ERDITARV VA& 5T, AVARE, FREESORAYNEGLI TAZD ) VAL sl EhE<
5. Uy OFERSITRET. v 23 TR Y BEET 2HEI, KHTY I AR —DAREFET S L &I,
M —EAR EDOXRT MVONFEERET 5720 TH 5.

DI TARY VT, AVNERDLNT FARIEHINS 2D, WHTIE, X119 TEHRIND I T A
R—W BREHNRY FVOMRIZHHING Z LIk 5.

W:{...,wi,...,w#W} #w; > TH, (19)
<,

THay, 1A NI T 2EMETH 5.

Robot frame

______

Fig. 7 Depth-Gaussian sphere. Noramls of vertical flat g 8 Angle-based clustering. Points Of depth-Gaussian
planes are extracted form LiDAR point cloud, and they are SPhere are clustered based on the angle ¥} and ¥ Points

converted to depth-Gaussian sphere § = {--- .y with larger norm affect the direction of each cluster more.

7Sf7'

234 $AEmERAVEENAAEE
ORy MNERIZBIZENRZ MV u 2275 AX W 2HVTHET 5. #ER, Bdd5L51, 752X
DBHW IZIEU T, UFDORFETEHE I NS,

o #HW > 1 DB, V5 AR—DARMPEIRZ L p & UTHEI NS, K9 iIZ3 82 5. /IVAMRK
EWITAR—IFE, HEILHEELE5 2 5.

I #w,v #w”v
o B (E0E) =
ya! =0

MIAT Y TORGEN p, | LABEs] xTs) P90 deg & D b A FVEAITIE, AR MLk i
X¥3.
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o #W =1 DA, WAT Y 7OWEM p, | ZFHVTEIRZ ML p 2H#EET S, X0 IZFFHZRT.

#W]Y . #W]Y .
p=p - (B s | XS @1
=0 =0

o #W =0 DA, EHAZ ML p ldfEE S hw.

Iy, £,
Robot frame w Robot frame
T, Iy XLy,

:L\;\

H ]
" Hey

() #W > 1 (b) #W =1

Fig. 9 Gravity vector estimation. When the number of the clusters is more than one, the gravity vector U is estimated as

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

24 EKF ZW) 7ILY A LERBHE

REFHETIE, M1OLDIZ, AHEEL VS OGHIE, # X F%H\\7z DNN OH#EME (2-2 i), LIDAR % M
Wz LRI X A HEREME (2.3 Hi) %, EKF AT 5. IREINI VT A IVXDIRERS Ml xld, aRy b
ou—)L g LE¥YF O THEHEINTWS.

x=(9 e)T 22)

REERZ ML x EHASEATHI P I, FHT O RALEH IO AOM G TRIRMCEIRE I NG, AEEL YYD
FHHMEE, PRI ATHEEIND (24-11H) . A AT %MW DNN OH#EfH Y, LIDAR % W\ 7z s RELER
WX BHEEMEIR, TNENERLZEH S ATBHII NG (2442, 243TH) . ZIT, t ZREATY T LT
LT THWwWsNS.

241 AEEtwVHERWEFAIOER
KRR ML x EHSBATFI P IX, TNEFNUTOLSIZEHEINS.

o, At
X = fox ) =X-1 HROUY w1, g =0 A= | @y, At (23)
@y, At

ZIZT, fIRREEBRET N, wEHIEANZ ML, o ZAEREYL I TEHIETND 3 HlifAEE, Rot™ 13455 %D
[lERAT5 2 R

_ d
P, :th—1Pt—1thT—1 +01, th—l = (Tj: 24

X—1,U—1

ZIZT, Jpld fOVYaET Yy, Q7R ) A XD HITHEKT.

242 AASEAVEEHRIOER
SEUE n R EWIGE, DNN OHTIEEN I NS, n O¥EIZIZEE TH, PRESINTS Y, n < TH, i
7= HEEm D AN EKF CEIHIE NG, BHINZ ML E z 235,

= ﬂcamera (25)
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ZZT, Bemera \EDNNDRSHANINDZEHOFERY bLERT. BIETVE L LT 5.
0
h(x;) = ROt)((zi )Mv 8world = 0 (26)
! ‘gworld|
8world

ZIT, guona RV =V FEEMERIZB T BEHNRZ ML (ie. gyona =9.8m/s2) , Rot™? 122 bV OEIE(THI%
#F. B 1 AOIHEATHI R X, DNN OHi) L 2AWTRES W5,

2 2
¢o; 0y O O; Oyy Oy
_ 2 _ 2
R=| oy Eoy 0. |, E= |00y 0y 27
2 2
Oy Oy EO: Oz Oy O

ZIZT, ERNERETFETEZODNAN=NRITA=RET L, ZONAN=NRTA =R EEATHHEHIE, fMAH
J€+¥ > ¥, LiDAR, 77 AZ DNN OHAFEHANELD, ZHIZ)G L TH A T DNN O #IT8 % J{% T 57T
H5. ZIZT, LTI L O AERIEHFE LOXSHTHY, -1S0y=1, -1506,;S1, —1Z0, =1
THdD, NAKRT DAL ETANT —fETH. REXT ML x EHESBITH P IX, THENLLTFO &S IZFF
BIN5.

dh

X =x+K(z —h(x,)), Ft =K Jp)P:, Jp, = x|’ K, :PtJhtT(thPtJhtT+Rt)7l (28)

Xt

ZIZT, JZ3hoYav¥ Ty, Kid7 1 o475, HIEATHZRT.

243 LiDAR #AAW/=EH S OER
DTFOBHIARZ Lz #HWT, 26, 28 LAKEIZ, RERZ ML x L ESBITHI P 2 FNFNETFT 5.

Hiidar
¢ = Hitar (29)
“‘l'lidar |

ZZT, Wygy ELIDAR ZHWTHEINDEHINT ML EKRT.

3.5 i £ B

3.1 DNN DEBIHEE DIREE
FETIEZINAZDNN I, T —2 2y F2EVWTIEIN, TANTF—XEy M HVTITHX .

311 FEVARbS

MEEICHAWAEFIEOERZU TN TE LD 5.

e ‘MLE w/o rejection’ 1%, 2-2 fii Tl TN TV 5$2E DNN %K 9. MLE I& Maximum likelihood estimation (f
THETE) DI TH 5.

e ‘MLE w/ rejection (ours)’ I%, ‘MLE w/o rejection’ & &L AUy hT—2, RIA—-XEHW5. 272U,
WS N DEAVNI WY VTN DA EBRHEOMFEIZHNS. DF D, SO RE VY Y IVidsANE L
LTENEING. X500 PHERO NS 2 KT LREL T, BIfE THy 12X > TRERDAS W > TV %
WIRT 5. ABGECIE, ZOBMEEZ THy = 512 n, 235, 22T, #DRTAT—Z &y bOY YT
BTH5.

e ‘Regression’ I, FC Ff&E@ D% ‘MLE (ours)’ & 1ZE 5%y N7 —2%FKT. ZOxy hU—21%, HaodE
EERVIRITOENINRT MVEHTIT S, Zhix, BEEIZE (Ellingson et al., 2017) (ZFHDWTEHEINT
W5, 272U, BEERFSE (Ellingson et al., 2017) (X 5A%E 12 ReLU % #FH L T\ 2753, ReLU IZIEDfH L
Hlmnwizd, ZIZTRL2 ESZEAT S, BERSE LT, 00— REGE (MSE) 2H]
W3,
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e ‘Statistics’ 13T —&X XY FDIT )L (IEfE) X7 MVOEHE, &Y TNV T2HNETS HETHS.
DF0, BYVINVOLEBEMETH7-0IZYP g, VL. ZOFHEOREEZFHETLI LI, T—X
oy FOEEREEZHBETLIOLHEUTH L. AETIE, ZOFEER-ATA LV EART.

312 EHmixs
SEOBEETHEALZT—X Yy 2R 1ITRT. xv U=, 10000fDOY I ab—YavF—&yr 7
)V (Dataset#l) ZHW\WT, Ny FH A X% 200, TRy Z7E% 300 & LIS Nz, X 5121000 @Y > 7
(Dataset#2) %7 A MZEALZ. 25 51E AirSim @ ‘Neighborhood” TINE I N7z, FlfliT—& &y b T A K
F—&Ey MIREAI N, FIEIZIX, W-2133 CPU, Quadro GV100 GPU, 32 GB RAM Z#&#L7za ¥ a—
REMALEZ, 203y Ea—X%Z2RAWZARITN 43 K00 - 7z,

FRRFOBEMEEK 10127y N U7z, [EJf#E T IV (‘Regression’) X, MLE €75/ (‘MLE’) &b £1x5»
WERPER U2, & 212, 300 TRy 7 OFEBOEIMEZ/RT. 72720, MLE ET7)VOEEREBE, BIFET
VOBELEBMN R D Z LITERT 5.

Table 1 Dataset list.

id# H Environment ‘ #samples Usage
1 Sim. AirSim’s 10000 Pre-training
2 ‘Neighborhood’ 1000 Test
3 Real Area-I 1108 Fine-tuning
4 Area-II (daytime) 443 Test
5 Area-II (nighttime) 447 Test

313 7274V Fa—=vy

FEROEFFEDOR, ETF—XEHWE I AV Fa—=v T R Fo7. 2y N T7—21%, 1108 fHDETF— &
B> 7 (Dataset#3) % HWVT, Ny FHA X% 200, THY Z78% 300 & LTHES N, X 512 890 fHDH
Y7 (Dataset#td+#S) &7 A MMM LT, ZHSEAKFEOF v > AANTHEE N L OTH S, FHHA
F—REy b FAMITF =2y ME, HUF v o SARTRES N2, FUT ) 7 TRAW. £72, Datasets
BEMEDT—XTH 5.

7rA v Fa—m v ROBELEEZK 11270y bUKk. £31Z, 300 TR IDT 7 A v Fa—Z v THBED
BEMEERT. EF—RTOEEEX, 774 0Fa—=r k0N XL ko7, LAIL, TFAMNTF—XEw b
TOEKMZAT — 2 v PCOBRIMEE D EREL Aotz WMT—R LT AT =LA TOMROEE NS
KT B, EVEHRT—2EAVTERETIBENH 5.

Loss (m/s~2]
Loss (m/s~2)
|

0 50 100 150 200 250 300 [] 50 100 150 200 250 300 o 50 100 150 200 250 300 o 50 100 150
Epoch Epoch Epoch Epoch

(a) MLE (ours) (b) Regression (a) MLE (ours) (b) Regression

Fig. 10 Loss plotting of training. Note that the loss Fig. 11 Loss plotting of fine-tuning. The fine-tuning made
function of the MLE model and one of the regression the loss values on the real data smaller.
models are difference. Therefore, their values can not be

simply compared.
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Table 2 Loss after 300 epochs of training. Table 3 Loss after 300 epochs of fine-tuning.
| Train (#1)  Test (#2) | Train (#3)  Test (#4+#5)

MLE (ours) [m/s2] || -6.5002  -6.5961 MLE (ours) [m/s?] || -6.2295 44907

Regression [m?/s*] 0.0014 0.0031 Regression [m?/s*] 0.0018 0.0105

314 BHREBHE
B (=0gme) ZAVT, V=)L REERIZBII20RY NEBOT—)L ¢, EvF 0B fEEINSD.

-1 My —1_ —Hx
¢ = tan n 6 = tan \/m (30)
YIalb—varvi—Xky NTOHED MAE (CF¥IMRGFRE) %K 412”3, ‘MLE w/ rejection (ours)’ (235
T, 1000 D7 A M 7V (Dataset#2) D55, 1 <THy = 75 X2 0, =0.000120 m? /s % jiii 7= 3 795 fH D ¥
YINERI NIz, ZOMEIRMO T -2ty bTEMHI N ZORMEER W TGERI WY Y IV E R
50ZmR7. EF—Xty hTOHEMD MAE 2K 6 1ZR7. TANT—XEvy FTlX, ‘MLE w/ rejection (ours)’
DRANIMDFIEDFRAEIT AR TINS WEER o 72,

‘MLE w/o rejection’ & ‘MLE w/ rejection (ours)’ & i3 % &, THy IZLBT7 4 VR ) VY IDBERTHD I LN
DY, BEXRY PT 23S EATAEH 1T E I E TN I ERBLLTWAEZ Ehibh 5.

JefTHI%E (Ozaki and Kuroda, 2021) & LEER L T, RN OERIZLVRVWED o7, ZhiE, T —XKEL
DWEIPREER EIZHFS L TWAIZ LR RBLTWS, ET—XOIEIZIIRM L F D00 5728, T—XK
BMURBRICEETH 5.

WD T — & (Dataset#5) 1Z&FHT 5 &, ‘MLE w/o rejection’ & ‘Regression” Difz=l%, HHD T — X (Dataset#4)
IZHARTKREL 572, ‘MLE w/ rejection (ours)’ DFRENKEL RSN o72DIE, 2DXSIZ, #HIHRED
SCE TN S HVNS WYV TOUD, BIE TH, CERS NP5 ZETES. 720, X580, HEOT—
Aty b (Dataset#5) TIFEHINZY Y TNVOENE o7, Thifid> 70, BEFEIEIANATZITTRL
LiDAR b HVWTHE Y, ZOHERMZIREICTHRIES 5.

Table 4 MAE of static estimation on synthetic data.

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

Table 5 Number of samples selected by MAE w/ rejection (ours).

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

32 ¥IaL—49TDYTIYA LHEDKRIE

VIalb— R CIREMPFHAEERZD, UAVORITY I alb—varyr—X&2MWT, #EI N7z EKF 2/H
Wz TV R A NEBREEERMGE L 72, AKBIZRIE, UAV ZFICEH L2 DO TRV, Hix 2R3 % HET
57728, 7914 b Ialb—XEHMHLT.
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Table 6 MAE of static estimation on real data.

MAE [deg] Dataset#3 Dataset#4 Dataset#5

Roll Pitch Roll Pitch Roll Pitch

Before MLE w/o rejection 2272 4816 | 3.121 5302 | 5483  8.442
fine-tuning | MLE w/ rejection (ours) || 1.762  4.043 | 2.265 4.590 | 2.139 4.919
Regression 2217 4292 | 2727 5.082 | 5.601  8.229

After MLE w/o rejection 1.505 1.349 | 2.728 3.081 | 4.673  4.701
fine-tuning | MLE w/ rejection (ours) || 1.253  1.114 | 1.904 2.285 | 1.930  2.282
Regression 1.264 1296 | 2299  3.029 | 4.733  4.732
Statistics 15.803 10.277 | 15.286 13.419 | 19.948 15913

-
- _ i \

O
N 2

_
_L_: Robot frame : True gravity g 7 : Inferred gra\;ity " __: Robot frame k : True g;ravity g / : Inferred gr;vity "
(a) Top 10 smallest variance 1 (b) Top 10 largest variance 1
Fig. 12 Real samples (Dataset#5) sorted in 1) values. The DNN tends to output large error and variance when the image
is dark.
321 FEYZRb

BGEIZ AW FEOEREZUTTE LD S,

‘Gyro’ 1&, FAEEY VY TR 2 MEE 2 AT OHETFEELT.

‘Gyro+Acc’ 1%, IMU TaHlll s 5 M & HIHE 2 §iE 9 5 EKF R— A DHEE FEE R T

‘Gyro+NDT’ %, 32 JE® LiDAR % f\»7z NDT SLAM(Biber and StraBer, 2003) % 3. f#E & > ¥ CT&Hll
T HAEE, FEAEONEERE, NDT (5%, BKF THGI NS, 72720, BEAEON#EHE AR H A EEZR DI
BRENRYIaL—XTHE7-OTH5.

‘Gyro+Regression’ (&, MAHEEY VY THHT 2MAEE L, FRETVTHRINDIEIRNY ML EFEET S
EKF R—2DH#ETHEEZRT. 2y b7 =20 5D0HNIZTRTEKFIZHEI 5.

o ‘Gyro+MLE’ (%, A#EX v Cilll s 2AHE L, 2L DNN (¥ 6) OHffinzfisrd 5 EKF X— A0
REFEERT. RS 0L 08UE n YRS WES, HERIIHEG S hEWw. N 8= FA=&IF, TH, =
1.2x1074m3/sb, E=1x10° L&ZEEINE. ZN51E, 3-1 HIOMAEREFORERZ iz ko 57z,

e ‘Gyro+DGSphere’ 13, fAHEE Y 3 THHIT 5 MA@EE L, LIDAR Z WA FiE (23 4i) THROoNDEHEIAN

7 MV &G T 5 EKF X— X DHEE Fik%E2 KT, ‘DGSphere’ 13 ‘depth-Gaussian sphere’ DI TH 5.
e ‘Gyro+MLE+DGSphere (ours)’ 1 2 BT R ARG X DIREFE 2 R T, LB Z i3 5 729012, LiDAR
WRED 373D 1 DIEDAZFRT S, ZOFERTHALUANAN=NFA—X2RTITRT.

Table 7 Hyperparameters.
o TH, THyp THg TH, THaw TH,, I3

009 005m 10 15deg Sdeg 20 1.2x107*m’/s® 1x10°
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322 EEBRFH

FHE—YOMITT— X%, AirSim @ ‘Neighborhood” T/EK X 117z, IMU, 7 A5, LIDAR OH > 7)) v 7 R
i, TN ENH 100 Hz, 5Hz, 40Hz THB. IMU D 6 il 7 — X ITIFRA ) 4 AW I iz, 2D/ 1 X,
SEHAE O rad/s, 0m/s?, FEH#EfRZE 0.5 rad/s, 0.5 m/s> DIEMRDHIZHS &5 TV XL EEShiz, RiTa—A
2 13a (2R 9. HEEIZIE, i7-6700 CPU, GTX1080 GPU, 16 GBRAM % ## L7z ¥ a—X&2ffHL77Z. Z
DAY a—&%zHW- DNN OH#fimzt5H 1% 0.01-0.02 772 5 72. ‘DGSphere’ DEIER MK, BT v 7# 0.1 8
2o 7.

(a) Simulator (b) Real world

Fig. 13 Driving course. The drone flew for about 9 minutes in (a). The sensors were carried for about 5 minutes in (b).

The area in (b) is the same area as Area-II in Table 1.

323 ERRBRER

FEICHEE SN BB EX 141270y MUz, 2720, RROHEE B, RITBAEE D S 300 B LABEORER D A
LTS, RITHE I N LED MAE %737, ‘Gyro+MLE+DGSphere (ours)” @ MAE (3t F L2 A~
TINE LK Ro7z. ‘Gyro’ XRFEIRANKELS B o7z, FH 4 AR EINTWT, MOBHIAR W), Zh
IFBRDZETHB. ‘Gyro+tAce’ IFFEZBH LD o7z, L2 L, VY ONEEMIZIZT Ry EEDOME
JEX ) A ANREENT WSO, HIZRAENPRKELZ., —H, BEFIETIE, Thoz2EFRVENIRT MLE
BT AN TES. ‘Gyro+NDT’ I LIDAR 25 Z & T, ‘Gyro’ LV - X2 ERL 208, BEE
ZEIMORS Z &k TE A o7, ‘Gyro+Regression’, ‘Gyro+MLE’, ‘Gyro+DGSphere’, ‘Gyro+MLE+DGSphere
(ours)’ 1&, HEINZEINRT FPIVEBIHIT S Z L TRBGREZMIEL 2. ‘Gyro+Regression’ & ‘Gyro+MLE’ %
s se, n WKREVWDNN ODHAZRT LI VAN TH S LR Dr o7, ‘Gyro+MLE’ Tl&, RITHIZ,
BIE TH, 12 & > T 13 DGRV RA I Nz, ZHIZ XD, FREEEDEWEDOBIHIZ AT 5 Z 2 TE
7. BT, MLE’ T, ZEAHIIHHEPA [-30 deg, 30 deg] 2R 5 &, SN BREL REMEANR D 7. —F
T, MimERENTHILT, MEEZBIETA2HARIES. ZOBEORBALEH S 2012, BETFIEZ, IATE2H
WE AL L, LIDAR ZHWAEDAMMEEDH G 2iial Twad, Rz, FHIZotx (24-15) &
51600 [8], A ZZEAWZEH 70w A (2-4-2 TH) 1249 3100 [A], LiDAR %AW 7z HH 7' 0¥ 2 (2.4-3 ) (&4
7400 [Eli7hb N7z, DD, LIDAR R—RAE A TR—ADMFOMEEHEET S LT, BREAZBIET 51
DPWEA T EZRKRLTWS., EE2RSZ LT, RESNLZEKF TENLE2HMATHI VAN THLE I L
Nohorz., RO, BEe L TARINATWS™,

33 EBREBETOY T7ILY A LMEDWKRE
oY —AA4—F (M3) 2FTRH->TBHEHL, TOREAE2 ) TILVEA LTHEL=. IMU, 7 AF, LIDAR ®
o) IR, FNEFNR 100Hz, 15Hz, 10HZz TH 5.

“Zhttps://photos.app.go0.gl/TZ5xkRUiTGgzsg1S8
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Fig. 14 Real-time plotting in ‘Neighborhood’. The graphs show the estimated error and the inferred variance in the last
225 seconds of the synthetic flight. ‘MLE’ tended to output large variance i) when the angles exceed the trained range
[-30 deg, 30 deg].

331 E—YarvFvr IFrEAVEERNER

45m x 6m DRNEFETH 23 70, 2o Y —2FTR>TBHH L. HEOFIZIE, E—YaryFy 7Ty
71 A% (Vicon Verov1.3X) ZfifiL7-z. 728, DNNIZZDTV 7DF—RX TSI T2\,

KOITHERZED MAE /39, RREFERER, EHRICEWTLHAOEREMH T LI LN TER. LEZLF
HARRNEBRETIE, ##ETFIED MAE X, ‘Gyro+Acc’ ® MAE CIFIEFRI U TH -7z, REIZRED L 0 FAET HEREE
TlX, ‘Gyro+Acc’ DHEEIT L DKL 75 & AT E (Suwandi et al., 2019), ZTHIXFTHIOY I 2L —Y a v CTHE
XNz,

332 EAERR

TV avFy TFyAATIIRBAEEHIUETEED, vy 7Fy TEHHEAIPRESNTWS., Znzdid
721z, REHBEIERS T2, FElAE & IXATETIT > 720 T, AEIK, REFEVSEMACHEET
B EHRTE-DDEDTH 5.

Area-Il (M 13b) TS5 0/, vV —2AA4 = 2P THR>TBELZ. 72770, DNNIZZOZ) 7DF—X
THl T T Wi, BEHIXEMEI RO NLRWZD, @@J%Tﬁ@?&%ﬁ%%ﬂﬁﬁb MAEDERMAEMRL .
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Table 8 MAE of dynamic estimation in simulator. Table 9 MAE of dynamic estimation in mocap area.
MAE [deg] | Roll  Pitch

Gyro 36.786 28.473 MAE [deg] | Roll _Pitch
Gyro+Acc 6.451  5.387 Gyro 6.012  5.100
Gyro+NDT 32.514  23.995 Gyro+Acc 2509 1.648
Gyro+Regression 4317  3.071 Gyro+Regression 2.843  2.730
Gyro+MLE 3389 2410 Gyro+MLE 2.367 2.003
Gyro+DGSphere 3288 2407 Gyro+DGSphere 2.365 1.878
Gyro+MLE+DGSphere (ours) || 2.772  2.141 Gyro+MLE+DGSphere (ours) || 2.242 1.839

EEROBIIBIE EHE TRIZ, 15O XS, FORKRMII VY2 EE, TDOL EDHEHE ¢o = 0deg, Oy =0 deg
CRE LTz, Z OFHMiHEE, BIEMFSE (Ellingson et al., 2017) 2D £ DTH 5.
1012, BMRZBATOREDTRELRT. REFEE, BAETHIZ, BEOBEHEZMGITLZ LN TE .

Ground truth on flat floor \
Qg = 0.deg, 6 = 0 deg Ve g
a sensors —

Flat floor Flat floor

Fig. 15 Dynamic experiment. The ground truth on the flat floor is assumed to be ¢ = 0 deg, 0y = 0 deg.

Table 10  Error of estimated attitude at last pose in outdoor.

Error [deg] H Roll Pitch
Gyro+MLE+DGSphere (ours) || +0.515 +2.110
Gyro +5.268  -5.047

34 REFEDFIRICDOVTDES

AIFZEDHIR L UT, BETEIZ, BEBRAUIZROSNINAN=NRITRA=ZNEETNTWEEEERTS. K
12, TLIDAR # W/ L — ) R_R—2D&E S e 2-34H) T, RTDES12, SEIERFHEOKEN B
ETHhbH. Iho DX, LiDAR OMRE (L1 v —%#, =8, HEARY) EKEFELULTHREI NS, 2070,
B % 2312 LIDAR 2 W 2854 1%, ShEFEEOMHAEYIZITbN T, HEREIMETT 2 ferEd
H5.

4. ¥

BEHOBAMEZ RS 2 EKF X— A0 H BB REEEZRE L /2. BEFEE, MEMEL VY2 V7 E
OFREE ), AW AZERAWEZENAROHEE ], [LIDAR 2 H\W-EH G WOHEE] % EKF CTHET 3. 1A%
WZE A AAEREIX, DNN 2 HWT, | MO RBEGE» SEH HME#HET 5. DO DNN I, EHXT MLV
eml, £9BIFHHE TS5, AirSim TIEL 2T —& &y b THIFE 2TV, ER VI TNELET—
Ry NCI 74 v Fa—=v T &iTolz., BIHGEETIE, RSN DBEZHETEI LT, EEDKREN
HswngEH I Nz, DFED, EEIN/ZDNN I, Ho#iTs 2 L THmOAHNT ZRBLEZ. Z0D
HOEATH1E, EKF OMERHIZER ) 4 A ULTHWSNS., X517, DA KRETE5H##RIE, EKFICHEE X
NZENZHMEZ I IZEH I NS, LIDAR 2 HWZE N HAHEEE, s ofhiEmzmt LT, To®EE ARz
HIZENGHEHET S, ZNSDHATR—=Z L LIDAR R—AQE N HAMEX, BRY N EHEONEERRE
HEEERVENIRT M EHIITE S, BEKFR—ADREFEIE, VI a b —REERBEOM A THEEI 7z,

[
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ZOEMMEETIX, RETIEN, B AFTR—A L LIDAR X—ADMj fOEH HEHE 28T 2T, BREE
ZEMIET AHR2H0L, HEMRERZNGTE2 I LRI N,

ARWFFETlX, DNNIZ K BH#ERDOATEN S %2, EHFEZOM (XS5 TIMELZ. UL2rLAaMVS, Zofiicd
FIRR, MEBMNAROERREL UCHHMiT 3 AENEAONE. IO 2MGEET 201, SBOMEET 5. £z,
AW TIE EKF 2B WT, DNNIZ &> THHI N8I Z, NANR=NRITA =R TREMIZETL T
%5 (KR27). ZOEIBNAN—NRIA—ZPRBELFEEZRFNTLI LD, SBROBETDH 5.
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