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Abstract

In this paper, we perform observability analysis for inertial navigation systems (INS) aided by
generic exteroceptive measurements (i.e., range and/or bearing) with different type of geometric
features including points, lines and planes. In particular, while the observability of vision-aided
INS (VINS, which uses cameras as bearing sensor) with point features has been extensively
studied in the literature, we analytically show that the same observability property remains if
using generic range and/or bearing measurements, and if global measurements are also available,
as expected, some unobservable directions dismiss. Moreover, we study in-depth the effects of
four degenerate motions on the system observability. Building upon the observability analysis of
the aided INS with point features, we perform observability analysis for the same system but with
line and plane features, respectively, and show that there exist 5 (and 6) unobservable directions
for a single line (and plane) feature. Moreover, we, for the first time, analytically derive the
unobservable directions for the cases of multiple lines/planes. We validate our observability
analysis through Monte Carlo simulations.

1 Introduction and Related Work

Over the past decades, an inertial navigation system (INS) using an inertial measurement unit
(IMU) is among the most popular approaches to estimate the 6 degrees-of-freedom (DOF') position
and orientation (pose) in 3D, especially in GPS-denied environments such as underwater, indoor,
in the urban canyon, and in space. However, simple integration of IMU measurements that are
corrupted by noise and bias, often results in estimates unreliable in a long term, although a high-
accuracy IMU exists but remains prohibitively expensive for widespread deployment. A camera
that is small, light-weight, and energy-efficient, provides rich information about the perceived
environment and serves as an idea aiding source for INS, i.e., vision-aided INS (VINS) [1, 2, 3, 4, 5,

, 7, 8]. Nevertheless, many other exteroceptive sensors such as LiDAR [9], RGBD camera[10] and
2D imaging sonar [1 1], can also be used to aid INS by providing range and/or bearing measurements
to features. To date, various algorithms are available for aided INS problems, among which the
EKF-based approaches remain arguably the most popular, for example, observability constrained
(OC)-EKF [12, 1], and multi-state constrained Kalman filter (MSCKF) [13, 3].

As system observability plays an important role in developing consistent state estimation [141],
the observability of VINS has been extensively studied. In particular, the authors of [15, 16]
examined the system’s indistinguishable trajectories. By employing the concept of continuous
symmetries, [17, 18] showed explicitly that the IMU biases, 3D velocity, and absolute roll and
pitch angles in VINS are observable. In [1, 19], observability analysis for the linearized VINS was
performed by analytically finding the right null space of the observability matrix. The corresponding
nonlinear observability analysis [20] was also carried, respectively, for monocular vision-aided INS [2]
and RGBD-aided INS [21], where the unobservable directions were found analytically. Previous
work shows that there are 4 unobservable directions (3 correspond to global translation and 1
to global yaw) for VINS. However, few has studied the observability for INS aided with generic
range and/or bearing measurements using different geometric features. Note that aided INS might
be fed into global measurements, such as altitude measurements by barometers and orientation
measurements by compasses. It is important to understand the effects of such measurements on
the system observability. Moreover, it is of practical significance to examine the degenerate motions
that may ruin the system observability properties by causing more unobservable directions (e.g.,

see [22]).
While most current VINS algorithms focus on using point features [3, 1, 2], line and plane
features are to prevail [23, 10, 24, 25], because of their advantages: (i) There are plenty of straight

lines and planes in common urban or indoor environments (e.g., doors, walls, stairs); (ii) They
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can be easily detected and tracked continuously over a relatively long time period; (iii) They are
more robust in texture-less environments compared to points. In particular, Kottas et al. [27]
represented the line with a quaternion and a scalar, and studied the line observability based on
this representation with linearized observability matrix. Guo et al. [10] and Panahandeh et al.[24]
analyzed the observability of VINS with plane features, while assuming plane orientation is a priori
known. In contrast, in this work, we make no assumption for lines or planes and advocate to
use the minimum parameterization of orthonormal representation [26] to model line features. By
performing observability analysis, we show there are 5 (and 6) unobservable directions for INS
with a single line (and plane) feature; and moreover, we derive for the first time the unobservable
subspace of the aided INS with multiple lines or planes.
Specifically, the main theoretical contributions of this paper are in the following:

e We generalize the VINS observability analysis to INS aided with any type of exteroceptive
sensors such as 3D LiDAR, 2D imaging sonar, and stereo cameras, and analytically show that
the same observability properties remain (i.e., four unobservable directions).

e We study in-depth the effects of global measurements on the system observability, showing
that they, as expected, will improve the system observability.

e By employing the spherical coordinates for the point feature, we identify 4 degenerate motions
that cause the aided INS more unobservable directioins.

e We perform observability analysis for the aided INS with line and plane features, respectively,
and show that there exist 5 (and 6) unobservable directions for a single line (and plane) fea-
ture. Moreover, we analytically derive the unobservable directions for multiple lines (planes),
without any assumption about features.

2 Aided INS with Point Features

In this section, we briefly describe the system and measurement models of the general aided INS,
which will form the basis for the ensuing analysis. In particular, the state vector of the aided INS
contains the current IMU state x73, and the feature “Pg (note that for simplicity of presentation,
we consider the case of a single feature):

_ T
x=[x[yy “Pfl=[ca" by V[ b, “P[ CP{] (1)

where Ich is a unit quaternion represents the rotation of IMU from the global frame to the IMU
frame. “V; and “P; represents the velocity and position of the IMU in the global frame, while b,
and b, represent the gyroscope and accelerometer biases, respectively.

2.1 IMU Propagation Model
The time evolution of the system is given by [27]:
i) = s ("w(t) 6a(t), Pr(t) =°Vy(t), Vi) =“a(t)

Bg(t) = Nyyg (t), a(t) = Nyaq (t), GPf(t) = 03x1 (2)

o

where Yw and ‘a are the angular velocity and linear acceleration, respectively. n,g and n,,, are the

0 —Ww3 (%))
gyroscope and accelerometer biases, and Q(w) £ [:L‘:?J ﬂ , lwx] 2 [ ws 0 _WI] .The gyroscope
—Ww2 w1 0
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and the accelerometer measurements are:

Wi (t)="w(t) + by(t) +ny(t) (3)
am(t)=R (6a®) (“alt) - %) +ba(t) + na(t) (4)

where R (g) represents the rotation corresponding to the quaternion ¢, “g = [0 0 g]T is the
gravity, ng(t) and n,(t) are zeros-mean Gaussian white noises corrupting angular velocity and
linear acceleration measurement.

Linearizing the system model (2) at the current state estimates yields the continuous-time
error-state equation [27]:

(1) = {Fc(t) Olm] (1) + {G(“} n(t) = F(O)x(t) + G(t)n(t) (5)

O3x15 03 03512

where F.(t) is the continuous-time error-state transition matrix, and G.(t¢) is the continuous-time
noise Jacobian matrix. The system noise n(t) = [n; nj, n/] njm]T are modeled as a zero-mean
white Gaussian process with autocorrelation E [n(t)nT(T)} = Q.(t — 7). To propagate covariance, we
need to compute the discrete-time state transition matrix ® ;41 y) from time ¢y to tx41, which is
obtained by solving the differential equation ® 4 1) = F(tr)®(rq1k) With @1y = I15 [1]. With

that, the discrete-time noise covariance matrix and the propagated covariance can be computed as:

tht1
Qi = / B (.. Ge(T) QG (T)® (), ydT (6)

12
Prie = (I)(k+1,k)Pk|kq)2;g+17k) + Qk (7)

2.2 Generic Measurement Model
A 3D point feature detected from range and/or bearing measurements, can be represented by:
“py = [Cae Cye GZf]T = rebg (8)

where ¢ and b are the range and bearing of the point. For simplicity, we assume the sensor frame
coincides with the IMU frame. The point in the local sensor frame is given by:

Pe=[lag Ty IZf]T =GR (P — OPy) 9)

While a variety of sensors are available and provide different measurements, all these measure-
ments in the aided INS are in the form of range and/or bearing, which can be modeled as follows

(see Appendix C):
(1)
=[]

With linearization at the current feature estimate f’f, we have:

- [2 [ H/Pe+n® (11)
z2= z0| — HbIPf+Hnn(b)

\/ IPfTIPf + (")

10
hb (IPf, n(b)) ( )

where H, and H; denote the range and bearing measurement Jacobians, and H,, is the noise
Jacobian (see Appendix C).
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3 Observability Analysis of Aided INS with Point Features

In this section, we perform observability analysis for the linearized system of aided INS with point
features based on generic measurements in a similar way as in [12, 1]. In particular, the observability
matrix M(x) is given by:

Hp®aq,

H,,&
M(x)= | 2>V (12)
HII«(I’(/CJ)

The unobservable directions of this aided INS span the right null space of M(x). Specifically, for
each block row of M(x), we have:

Hk} (LR (CPr—CP) x] 05 05 05 —4R [SR]

Hy, = |:Hb.k

= Hyro iR [L(9Pr = Oy, ) xJERT 05 03 05 —Iy Ty (13)
where we have defined H,,; ; = [HTTk HbT,k]T. Thus,
H;, @) = Hpojrd R[T1 Tp T3 Ty I3 Is) (14)
where:
Ty = 9P — 9By, — Vi1 — (o) TR

]_-‘2 = I_(GPf — Gf)]k> XJ%RTQIQ — @527 F3 = I35tk7 ]_"4 — 7@54

By inspection, it is not difficult to see that the null space for the matrix M(x) is given by:

N [R] = (15)
03 03 03 03 I3 I3 i
|:(8RGg>T 01><3 - (I_thxjcg)—r 01><3 - (\_Gphxjcg)—r - (LGPfXJGg>T

where N, corresponds to the sensor’s global translation and N, relates to the global rotation around
the gravity direction. For generic range and bearing sensors, the Jacobians can all be represented by
H,,,; . From the above analysis, we see that the system has at least four unobservable directions.

Additionally, in analogy to [12, 2, 21], we have further performed the nonlinear observabil-
ity analysis based on lie derivatives [20] for the continuous-time nonlinear INS aided by generic
measurements, which is summarized as follows:

Lemma 3.1. The continuous-time nonlinear INS aided by generic range and/or bearing measure-
ments with point features, has 4 unobservable directions.

Proof. See Appendix D. O

3.1 Global Measurements

In practice the aide INS may also have access to (partial) global measurements provided by, for
example, GPS, motion capture systems, barometers and compasses. Intuitively, such measurements
would alter the system observability properties, even if only partial (not full 6DOF) information
is available. In what follows, we systematically inspect the impacts of such measurements on
observability.

RPNG-2017-OBSERVABILITY 4



3.1.1 Global Position Measurement

We consider the case where besides the range and bearing sensors, global position measurements
are also available from, for example, GPS and barometer. Specifically, if sensor’s translation along
x direction is known, the additional measurement is given by 2(*) = ¢,%P;. The measurement
Jacobians and the block row of observability matrix at time step k can be computed as:

H, . Ik ehs 7P I
HI,C _ Hb;k _ Hpru_j,ké”R [L(ppf — CPIk) ><JG[€1%T 03 03 03 —I3 Ig}
H, [01x3 01x3 Oixs Oix3 € O1xs)

(16)

IR _
= Hy &) = {Hpm],kGR[rl I, Ty Ty I3 ng

[01x3 O1x3 Oix3 O1x3 e 0Opx3)
where H,, j, is the measurement Jabocians for global x measurement. We can show that the system’s
unobservable directions now become:

N, = [02x3 02x3 O3 Oox3 [02x1 L] [02x1 IzHT (17)

Compared to N, both sensor’s global translation in x direction and the rotation around the gravity
direction become observable. Analogously, if global y-axis measurement is available, translation
along y and rotation around gravity direction will become observable.

Following the similar steps, if the sensor’s translation in z direction is directly measured, e.g.,
by a barometer, we have an additional measurement 2(2) = e3GP;. In this case, the block row of
the observability matrix at time step k& becomes:

H, ok R[T1 Ty Ty Ty -4 13]}

H;, @41 = [ [ (18)

O1x3 O1x3 O1x3 Oix3 €5 Oix3]
Since ez is parallel to ©g, then eg LGP I xJGg = 0. Therefore, the system’s unobservable directions

become N,:
02x3 02x3 02x3 02x3 1> 01x2] T2 01x2] }

T _
N. = {({«fﬁcg)T O1x3 (*[GVA ><ch)T O1x3 (*LGPII ><ch>T (*[GPfXJGg)T
Clearly, only translation in z becomes observable, while, different from the cases with global x and
y measurements, the rotation around gravity direction is still unobservable.

3.1.2 Global Orientation Measurement

If the aided INS is equipped with a magnetic compass, then we also have global orientation mea-
surements given by z™N = IN,, = éRGNn. In this case, the Jacobians and the block row of the
observability matrix at time step k£ can be computed as:

N i {Hpro_iﬁkgrR{L(GPfGPlk) <|ERT 05 05 05 Iy ISH
ko N = Ny N
Hn i QR[LGNnXJgRT 0; 03 03 03 Os]

(19)

Ik _
N Hlkq,(kﬁl)_{ﬂpm],mft[rl I, Ty Ty - 13]]

SR[[°N,x]JfR Ts 03 03 05 03]

where Hy j, is the Jacobians for orientation measurement, and I's = LGNnng“RT@m. If “N,, is not

parallel to “g, |“Nx|%g # 0. the rotation around the gravity direction becomes observable, and the
unobservable directions become:

N,=1[0; 03 05 03 I Iy (20)

:IT

In summary, as expected, global measurements will make the system more observable. If a
global full position measurements by GPS or a prior map are available, the system will become
fully observable, while global orientation measurements can make the rotation around gravitational

direction observable, as long as this orientation is not parallel to the direction of gravity.
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3.2 Degenerate Motion

In what follows, we further investigate degenerate motion for INS aided with generic range and
bearing sensors, which is important for healthy estimators. In particular, as compared to [22] where
pure translation or constant acceleration have been reported to be generated in VINS, we identify
2 more degenerate cases: pure rotation and translation towards a feature. To ease the analysis, we
use range and bearing parameterization (i.e., spherical coordinates) of the point feature, instead of
the conventional 3D Euclidean coordinates.

Te cos 6 cos ¢
Pe= |y | = r¢bg = r¢ | sinfcos ¢ (21)
zf sin ¢

where r¢ in the range, 6 and ¢ represents the horizontal and elevation angle of point feature. With
that, the state becomes:

.
x=[ta" bl ©V] Bl CP] [Gre G0 Gg]] (22)
In this case, we can write the block row of the obsevability matrix as:

~ A~ ~ ~ H9G P HG P AG P
Hj, =Hp7‘0jwkgR [I.(GPf—GPIk) XJQRT 03 03 03 -—I3 [?)ol;: ks 2 Pf“

8G0; 0%
= H,®;,y=H, lR[[y Ty Tg Ty —I3 by #bt by (23)
where

0Py . .o
W: [cos@cosqﬁ sin 6 cos ¢ sm¢] 2 b/
8Gf)f a A A - T a 11

— = |—sin 0 cos cos 0 cos 0| 7¢ =reb
e [ ¢ o 0 i
8G13f AL LA A RN
8G<z§f: [fcos%mqb — sin 6 sin ¢ cosqﬂ e = 7¢bs

By inspection, the unobservable directions are given by:

T
N’f‘b: [N:}),p N;!Vb,'r} (24)
05 03 0; 05 I b ibi lby !
LRG| . _(16Y% ay) " . _(1ep ay) "
(GR g) 01x3 (L Vi, x| g) 01x3 (L Py, x| g) 0 9 0

where g = ||%g||, Ny, and Ny, denote the unobservable directions related to the global translation
and global rotation around the gravity direction, which as expected agrees with the preceding
analysis.

3.2.1 Pure Translation

If the sensor undergoes pure translation, the system gain additional unobservable directions:

T

Np = {QRT 0; —[V] x| (QRLngJ)T ~[9P] x| © (25)
0 0 0
where © = [%pcosftand sinftang —1|. Similar to [22], this unobservable direction can be easily
—Gesind cos ) 0
verified as follows:
- |
H[k‘i)(k‘, 1)NR = Hproj,k’g‘CR <I‘48R — 2575%13) LGgXJ =0 (26)

RPNG-2017-OBSERVABILITY 6



From ©® we see that this unobservable direction only relates to the bearing of the feature, since
the first row of ® are all zeros. This indicates that the global rotation of the sensor all becomes
unobservable, rather than only global yaw unobservable for general motion. It is important to note
that no assumption is made about sensors used in this analysis.

3.2.2 Pure Rotation

If sensor has only rotational motion, then Gp 1, = 03x1 and we have hipp = g“RGPf. For mono-
camera, the system will gain one more unobservable direction corresponding to the feature’s range:
]T

N; = [01x3 O1x3 O1x3 O1x3 O1x3 1 0 0 (27)

Since a mono-camera provides only bearing measurements, Hy,.,; 1 = Hp . In this case, we have:
I, " R " " 11T I RGY
H, ®.)Ni = Hy, . 'be = ['b ‘by] ‘be=['bi ‘by] LRbr=0

Therefore, we have one more unobservable direction related to the scale of the feature.

3.2.3 Moving Toward a Feature

If the mono-camera is moving towards a feature, then the system will also gain one more unobserv-
able direction related to this feature scale:
]T

N; = [01x3 O1x3 O1x3 Oix3 O3 1 0 0 (28)

This degenerate motion indicates that the sensor is moving along the direction of the feature’s
bearing direction, that is: GP]k = a%by¢, with o denotes the scale of the sensor’s motion. Then,
we can arrive at:

Ika Zlk TfIkbf = ng (GPf - GP[k> = ng (GTf - Oz) be (29)

Similar to the pure rotation, we can show the additional unobservable direction N; based on the

following;:

17zf

A PO A
Hpy 1 ®,1)N1 = b "by] &Rbp = 025

G’ff-()é

3.2.4 Constant Acceleration

If the mono-camera moves with constant local acceleration, i.e.,

will have one more unobservable direction given by:

a is constant, then the system

No = [01x3 O1x3 V5 —fa &P, CGip 0 0 (30)
To see this, we have:
H, &N, = Hy LR (—lelétk T a-CP, + GrfGBf) (31)
Based on [22], we know:
Tyla=CP; — Py — OVt (32)
Therefore, we arrive at:
H;, ®1)No = ~H, 4R (GPf - Gf’fk) = H,;"bg = 0251 (33)

Clearly, this null space is only related to the scale; thus, if we use sensors such as stereo and RGBD
cameras that can recover the scale, this unobservable direction will disappear.

RPNG-2017-OBSERVABILITY 7



4 Observability Analysis of Aided INS with Line Features

As navigating in structured environments, line features can be used in the aided INS to provide
more compact information. Thus, in this section, we perform observability analysis for the aided
INS with line features to provide insights for building consistent estimators.

4.1 Line Representation

Inspired by [26], we propose to use the Plucker representation for the line feature in the state vector
while orthonormal representation (which is minimal) for the error state. The Plucker representation
can be initialized by the two end points Py, and Py, of a line segment L, as:

(28]

:PLQ—PL1 A\

where ny, and v, are the normal vector and direction vector for the line L. We need a minimal
parameterization for line update. Based on (34), we have:

njy vy npxXvy HnLH 0
L=[mlvi] = [mey ey @] 00 vl (35)

0 0

where we can define:
Rp=exp(-100x)) = iy ey ey (36)
1 wy —wﬂ {HHLH —HVLH}

W = - = 37
W) = e o R [ A (37)

Since Ry, € SO(3) and W, € SO(2), we can define the error state for these parameters as 66, and
dor (from Rz and Wp), respectively. With that, the state can be written as:
T
x=[ta' by OV bl P L]
where L = [¢n]  ©v]]" and L¢ = [56] oof] .

4.2 Observability Analysis: Single Line

Without loss of generality, consider stereo images are available for detecting and tracking line
features. Measurements for the line are given by the distance of the two end points x5 and x, to

the line [28]: .
xJV x] U
2= | Vi) (38)

where we have used:

I I I I |G
I [ER 1Pg IT_ 167 _ |[6cR —cRI“Prx]| ¢
GT* |:01><3 1 :| ] L* GH L = |:03 éR L

fl 0 0 ll
0 fa 0 |'np =1L
7f201 flc2 flf? l3

I'=[K 0;]'L=

With the line measurements, we compute line measurement Jacobians and the block row of the
observability matrix at time step k as follows:
0z 0z . . A
é = 6—;K53 [(LGﬁij - HGP,xJGom) LR 050 [G91x] T rls}

0z - N N
kaé(kv 1) = 5K8R [I‘ll Flz I_GVL XJ5tk Fl3 \_GVL ><J I‘l4 I‘m}

RPNG-2017-OBSERVABILITY 8



where I';,i € {i...5} are derived as:
X X 1 X .
= (|[%Apx] — [P x|V x| + [“Vox [P x| + [V x| LGV11XJ5tk—§LG<’LXJ [“gx oty — |“Vox] [P x))ER

A . AT .
(LG Lx] =] GPIkijvaj)g“R B+ |V x | Bso
Gy
G

= ["VL x| P54
_ G Gy
Ty = [%hx | — [Py, %) [S91x)
Wo w . .
s = — (QGHL +— 9Py, XJGVL>
w1 w9
We also define e; = x[ 1, eg = x[ 1V, I, = \/(I3 +13), x5 = [u1,v1,1]" and x, = [ug,v2,1]T. With

these, we have:
0z 1 |u1— l}ffl v — B
_ n (39)

Pl ! 1
o Iy |ug— "% vp—52 1

It can be shown that the linearized aided INS system with a line feature will have at least 5
unobservable directions:

N,=[Nu Np N Ny N (40)

élRGg O3x1  O3x1 031 031

031 O3x1 O3x1 031 031
—19Vx|%  0sx1 Dsx1 03x1 e

= 031 0O3x1  O3x1 031 031
—|°P;,x]%  %he Ve |%Nex|%Ve 031

—Cg ﬁjcvl 031 031 031

0 0 0 n>w3 0

where ©he and “¥, is the unit direction for “hy, and ©¥, respectively. For Nj;, we have:

0z . . . . . . . .
Hy, @1 N = ﬁKQ‘R (ngXJ [P, x99 + |99 |“gx 9Py, + |“P 1, <] lGVLXJGg) =0
(41)
And for Ny, we have:

2 ~
wiws 0z AT . .
H; @, 1Ny = _#TKQR (w;LGneXJGVE +GPIk> XJGve (42)

Ikn/L
According to geometrical analysis, [knL is parallel to *ny,. Since 1 = K'*ny, is null space of

gz” therefore, KI’cn is also the null space of glz Then, we can have Hy, ®;, 1N;; = 0. Note that

Ny relates to the rotation around the gravitational direction, Njs.4 relates to the sensor’s global
translation, while N;5 relates to the sensor motion along the line direction.

4.3 Observability Analysis: Multiple Lines

Assuming there are m > 1 un-parallel lines in the state vector, we define the orientation giR of a
line 7 and the rotation ﬁR between line ¢ and line j (7,j € {1,...m}) as:

PR = [Chei %Vei |“heix]Ve] (43)
iR 571G A
in = giR ij (44)

We have for the first time proved that the system has 4 unobservable directions:
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Lemma 4.1. For the aided INS with m > 1 line features in the state vector, the system will have
at least 4 unobservable directions given by:

N;= [Nz Npoy] (45)
LG T
éR g 03
031 03
—9Vx]% 03
O1x3 03
~[“Pr, %)% 7R
G 12 Gy TLIR
-8 w vere; ;R
2,2 TLIR
0 niwizes ; R
G wi—12Gy . TLi—11Q
= -8 wisiy Vei—1€1p,; R
2 2 TLi—173
g 711'71“’1'75293 L R
Wi Go
- 8 wlyl Vei€1
2,2 T
0 1; Wi 2€3
G Wi+1,2 Gy, TLi T
— g Wit1 1 Vei+1€1 Li+1R
279 TLi BT
0 Nip1Wit1 203 [ R
G Wm2Gy  oTLi AT
-8 W, 1 Vem € L;nR
3 9 TLi pT
L 0 77mwm72€3 LinR
where i € {1...m}
Proof. See Appendix A. O

5 Observability Analysis of Aided INS with Plane Features

In analogy to the case of line features, in this section we extend the observability analysis to the
aided INS with plane features. In particular, for any point P¢ in a plane II, we have nng +d=0,
where ny is the norm direction of this plane and d is a scalar containing the range information
from the origin to plane II. Hence, plane IT can be represented as:
]T

M= [n; d (46)

We still need a minimal error state representation for plane update. Notice that a horizontal angle
f and elevation angle ¢ can be used to describe the normal direction npy as:

ny cos 0 cos ¢
nig = [na| = |sinfcose (47)
n3 sin ¢

Thus, the error state for the plane can be denoted as II=[§ ¢ cﬂT. Accordingly, the state vector
of the system with one plane feature becomes:

-

x=[Lg" by Sv] bl ¢P] °m] (48)

Plane features can be extracted from point cloud (of RGBD and stereo cameras and 3D LiDAR),
the corresponding plane measurements are given by:

ERCES

z= g GHEGPI+Gd
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The measurement Jacobian can be computed as follows:

__n2 ny
n%Jrng anrn% 20 . 0
HH — ninsg nansg nl + n2 0 (50)

S Vnirn3 /ndtn3
0 0 0 1

Note that the sign of the 2rd row of Hp needs to be determined by the sign of cos ¢. Hence, we
get the measurement Jacobians as:

0z

oz LéﬁGﬁ XJ 03 03 03 03 éﬁc’ﬁll IGlinlQl 03>< 1:|
ox

=H, A .
GaT GPpTGal GPpTGaiL
n P;%ng P;%n; 1

O1x3 O1x3 01x3 Oixs

0 0
= H, P4, =Hn {I‘m I'm2 {Gﬁﬁ;tk] s {Gﬁ?}} I‘H4}

where:
[ LR|Cax| .
I'm = |¢ 7 (cp GAG 1G o 52 _ GP iR
| n \_( P +%Vy oty — 3 gétk — P[k> ><J !
(i 1Ga s (TiR T 0-
F = GRL nXJGR @19 F = |: R 3 :|
112 GﬁT(I)SZ ) 113 GnT(b54
rl RGﬁL I RGﬁL 0
Loy — | cBBT oR7D5 03
4= |opTent opTont 1

It is not difficult to see that the aided INS with a plane feature will have 6 unobservable
directions:

N, = [erl N2 N7r5:6] (51)

¢RCg 03x1 O3x1 O3x1 O3x1 O3x1

0351 O3x1 O3x1 O3x1 0O3x1 O3x1
—19Vx|% 03x1 03x1 031 “Bf “hg

_ 03x1 O3x1 O3x1 O3x1 0O3x1 O3x1

| =P x]%g “hf %hy ChAp 03 O3
—qg 0 0 0 0 0
0 0 0 0 0 0

0 0 0 -1 0 0

Note that N,; relates to the rotation around the gravitational direction, N 2.4 relates to the
sensor’s global translation while N, 5.6 relates to the sensor motion perpendicular to the plane’s
norm direction.

5.1 Multiple Planes

Assuming that there are m > 1 plane features in the state vector, we define the orientation of the
plane i and the rotation between plane i and plane j (i,5 € {1,...m}) as:

I%R = [Gﬁﬁil Gﬁﬁiz GﬁHi] (52)
H;R = %RT%R (53)

Lemma 5.1. For aided INS system with m plane features in the state vector,
e If m = 2 and the planes are not parallel, the system will have 5 unobservable directions as

Ni1:5-
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e If m > 3 and these planes’ intersections are not parallel, the system will have 4 unobservable
directions as Nip1.4.

Np= [Nm  Npgs  Nis) (54)
IGIRGg 03 0351
0351 03 0341
—9V, x| 0; | fimi x ]9

0351 03 O3x1

—1Pr, %)% R 0351
-9 O1x3 0
0 01><3 0
0 —eJ IR 0
-9 O1x3 0
_ 0 O1x3 0
0 —eJ IFIR 0
-9 O1x3 0
0 013 0
0 —e; 0
-9 O1x3 0
0 01><3 0
0 —eg iR 0
-9 O1x3 0
0 01x3 0

L 0 —eJ i RT 0 ]
where i,j € {1...m}.
Proof. See Appendix B. O

Note that Ny relates to the rotation around the gravitational direction, N4 relates to the
sensor’s global translation. Nyps is for the case with 2 planes, and it refers to the sensor motion
along the intersection line of the two planes.

6 Simulation Results

To validate our observability analysis, we perform 100 Monte Carlo simulations of visual inertial
odometry (VIO) using point [13], line and plane features, respectively. The simulated trajectory
and different geometric features are shown in Fig. 1, where we assume a stereo camera with IMU is
moving on spacial sine trajectories to get the feature measurements. In the results presented below,
we implemented the MSCKF [13] as the VIO estimator to validate our observability analysis, since
the MSCKF has been widely used for VINS with point features and its observability analysis [,

|. In particular, we have compared two difference versions of MSCKF — the ideal MSCKF which
uses true states as the linearization points and was shown to have correct observability properties
and thus being consistent, and the standard MSCKF which uses current state estimates as the
linearization points and was found to be overconfident (inconsistent) [I, 2]. We compute the root
mean squared error (RMSE) and the normalized estimation error squared (NEES) to quantify
estimation accuracy and consistency [29]. The results are shown in Fig. 2. It is clear from these
figures that standard MSCKF performs worse than the ideal MSCKF which is consistent (though
the comparison of orientation estimates is not as apparent as position estimates). This implies the
importance of understanding system observability properties for the design of consistent INS state
estimators.

RPNG-2017-OBSERVABILITY 12



Point Map Line Map Plane Map

10 410

Figure 1: Simulated sensor trajectories and different features.

Appendix A: Unobservable Directions for Multiple Lines

Since that we have m line features in the state vector, the Observability Gramian at time step k
can be constructed as:

H @) Mt
Hy @4 = | Hir®ey | = | My (55)
H"® 1) M

It is straightforward to verify N1, which relates to the rotation around the gravitational direction.
Since we have multiple un-parallel lines, the unobservable direction along the line direction deceases.
Therefore, the main task to prove that Nys.4 are the null space of H1k<I>(k,1). Nyo.4 are related
to the sensor position and from the analysis for a single line feature, we can easily find vectors
aj, B3, which are the null space for ij for feature j, and «;,3;,7; which are the null space
for M,f’ for feature 7. Therefore, we have:

M [a; B v] = 03x1 (56)
M [a; B; 7] = 03x1 (57)

If we can show that {a;, 5;,7;} can be linearly represented by the {c, Bi,7:} as:
[ B vl =l Bi w]A (58)

If A is invertible, both «;, 8;,v; and o, 3;,; share the same bases, and they are the null space for
both M7 and M/, that is:

7

M?} i Bi v aj B 7] =06x1 (59)

Based on the definition of Nj9.4, we can have:
N, =loy B wl=[o B ~]ER=N{,P (60)

Since %R is a rotation matrix, it is invertible. Hence, according to the analysis, we have that both

N(Li%: 4 and N(LjQ): 4 are the null space for both Méj and Mﬁ’ Since we have no assumption for the
(4)

choice of 7 and j, N 52: 4 can also serve as the null space for Hy, @4, 1.
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Figure 2: Monte Carlo results of the standard and ideal MSCKEF.
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Appendix B: Unobservable Directions for Multiple Planes

Since we have m plane features in the state vector, we can construct the Observability Gramian at
time step k as:

][
H13¢.(k’1) Mlﬁs

Hlkq)(k,l) = Hlk (I)(k,l) = | M, (61)
chmq)(k,l) M}E[m

It is straightforward to verify Np; which is related to the rotation around the gravitational
direction. If m = 2, the state vector has two plane features, and their intersection line LG jGnHQ
perpendicular to both planes normal directions. Therefore, the sensor motion along this intersection
line will be unobservable. Similar to the proof of line, the main task is to prove Np9.4 are the null
space of Hy, ®; 1). We can easily find vectors aj, 3;,7; which are the null space for ng for

nrp X

feature j, and oy, B;,7; which are the null space for MEZ for feature i. Therefore, we have:

M} [ei B 7] = 03x1 (62)
M [y B; 7] = 03x1 (63)

If we can show that {a;, 5;,7;} can be linearly represented by the {c, fi,7:} as:
[ B ] =l Bi w]A (64)

And if A is invertible, both «s, 3;,v; and o, B;,7; share the same bases, and they are the null space

for both ng and Mgi, that is:
MHi
[Mlﬁj} i Bi v a;j B 7] =061 (65)
k

Based on the definition of Nps.4, we can have:

Niba=[o; 8 vl=lm 8 % HR=N, MR (66)
Since H;R is a rotation matrix, it is invertible. Hence, according to the analysis, we have that both
Nﬁ)& 4 and Nl(-f%: 4 are the null space for both ng and M’,;” Since we have no assumption for the
choice of 7 and 7, N(ﬁ)& 4 can also serve as the null space for Hy, @, 1.

Appendix C: Sensor Measurements for Point Features

In this section, we will analyze the measurement model for lase sensors, camera sensors and 2D
imaging sensors.

C.1: 1D Range Finder

1D range Finder can only get the range measurement fo the point feature, and the measurement
model can be described as:

Z(’") — /IPP‘—IPf + n(r) — \/(Ifff)Q 4 (a:yf)Q + (:czf)Z + n(T) (67)

where *ry = ,/xp}—zp ¢ represents the range for the point feature in the frame {X}. And we can

linearizing the measurement model at *Py as:

50) o H,7Py 4 00 = Loy 4 ) (68)

A~

Tf
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C.2: Mono-camera

Mono-camera can only get the bearing measurements of the point feature, and the measurement
model can be represented as:

eIsz mxf

(b) — | e3”Ps ®) — | Tz (b)

27 = | Jep, | TOV = | 2 | 0 (69)
e;zpf Tzf

where e; € R3*! fori =1,2,3ande; =[1l 0 0]",ea=[0 1 0]T andeg=[0 0 1]'. Inspired

by [30], we use a more universal measurement model for point feature with Mono-camera as:
T} T ThH T
z(b) _ hb (fo,n(b)> — |:x]13+1:| IEPf + fo [xg%l] |:0:[2 :| n(b) (70)
12 12 1x2

where b ;,7 € {1,2} are two perpendicular vectors to the bearing “b¢, and they can be constructed
from [30]. The advantage of this model is that it is suitable for both fish eye and normal projective
camera model. And the linearized model with *Pg¢ is:

70 ~ H,"Ps + H,n® = rbll] TPy 4 T2 [ff[:)L] [ I, ] n® (71)
b, b ,] |01x2

C.3: 2D Imaging Sonar

2D imaging sonar’s measurement contains the range and horizontal bearing measurement of a point
[11], and the model can be represented as:

z=[§i€3}+[ﬁi’éi}= \/ PPy +[2§;q:{¢<wxf>2+<wyf>2+<%f>2]+[n<g] (72)

X
m@f ef
and similar to the case of the Mono-camera, we rewrite the bearing measurement as:

2 = n, (fo, n(b)) = Tre [cos (”CHf + n(b)) cos¢ sin (fo + n(b)) cos¢ sin qb] b (73)

. T . . . ~
where *b | = [— sinf cos# O] . Therefore, the linearized sonar measurement model with *Pg

as: -
2= 0] [y om0 0
H, = °b] (75)
H, = IbePf <—sin (W}) cos (I$f> + cos (W}) cos <xq3f)> (76)

“gr z T2

zp. 0 vl
where Ty = arctan The ¢f = arctan T
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C.4: 2D LiDAR

2D lidar measurement is quite similar to sonar measurement, except for an extra constraint that
Tzp = e;—xpf = 0 (or we can see as ¢ = 0). In order to distinguish with Eq. (72), we add this
constrain to the model, and hence:

2() \/ PPy n(r) V(we)? + (“ye)? + (72¢)" n(r)
2= 1,0 = “6s oo | = O + 1 o (77)
e;fo M2x1 Tzg 2x1

T
where n(®) = [ngb) ng’)] . Similarly, we can rewrite the bearing measurement as:

Tz T (b) : T (b) : T
z® = h, (xPﬁ n(b)) _ | Fby e [cos ( Of +ny ) cos¢ sin (be +n ) cos¢ sin qﬁ} (78)
beQfo + ng )
where b | = [— sin (*0¢) cos (“0¢) O]T, by = [0 0 1]T
*P¢ can be described as:

. Therefore, the linearized system with

-] )
where:
o
H - rbePf <—sin (””9}) cos (“éf) + cos <zéf> oS <zq§f))] (81)
' b,

A~

s
where ¥0¢ = arctan i

VERRE R

“gr

Th.
The ¢f = arctan

C.5: 3D LiDAR

3D LiDAR can directly get the range and bearing information of the feature, therefore the mea-
surement model can be denoted as:

1T
where n(®) = [ngb) n(b) . Similarly, we can rewrite the bearing measurement as:

b, %r¢ [cos (fo + ngb)> cos¢ sin (”Gf + n§b)) cos¢ sin ¢} !

(b) — z ®)) —
a =y ( Py ) _befrf [cos (*0f¢) cos (m(bf + ngb)> sin (*0f) cos (%ﬁf + ngb)> sin (””gbf + ngb)ﬂ !

(83)
where b ;,7 € {1,2} are two perpendicular vectors to the bearing *bg, and they can be constructed
from [30]. Therefore, the linearized system with *P¢ can be described as:

5(r) H.*P (r)
- z P+ n
z [z@)} [Hb»fPf + Hnn(b)] (84)
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where:

H = {bH (85)
b,
B be xf)f (— sin (‘” ) cos <x¢f> + cos (xéf> oS ("’*"(ﬁf))
Ho = b fo (— cos ( Of) sin ( e ) — sin (Iéf) sin (f’féf) + cos (xggf)) (86)
where “0¢ = arctan wi”, The = arctan ——.

C.6: RGBD Camera

RGBD camera can also get the range and bearing information of the feature, therefore:

/xP;,rl"pr ( \/(:(:xf)Z i (:(:yf)2 + (fo)z

(r) T r) (r)

z P n Ty n

‘T [Z‘b)] N % P " L@] N = " [n“”] (87)
TPf £
Tsz 2t

Therefore, we can rewrite the measurement model as:

\/*PlePg +n™
TP 4T 11 (b)
{beQ P b, [01x2 "

And we can linearize the system with Py as:

zPlePy +n)
by, (“Pg,n®)

- P (r)
7= Fm} N { H,#Py + n0) wr Petn
5 ~

~ = be xb I (89)
H,*P +Hnn(b)] [ ]xp [ u} [ 2 ] (b)
. "bl, A b12 Ouxa) "

C.7: Stereo Camera

Stereo-camera are two mono-cameras with known extrinsic transformations. Without lost of gen-
eralities, we assume input images have already been rectified, thus the measurement model can be
described as:

Ta
€ Pf T
b z b
e, “Pr—bs o _ Tre—bs b
zZ — Tl:)f + 7’],1 — 7 + ng ) (90)
N
eSTfo f

where b is the baseline for the stereo-camera, which is a known scalar. Similar to the case of
Mono-camera, we can rewrite the Stereo camera measurement as:

(®) "blir]epy o [Pl [ T2 ] 4o
y— zr | _ [th (ﬂfPf,n(b))] _ Ib+2L xblu 0149 (91)
Zg) hy, (mPf’ n(b)) [iz+13] IP; + Tz [zll;+1R] [012 ] n®
12R 12R 1x2
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where zg)) and zg) represents the bearing measurement from the left-and right camera, respectively,

L - . .
TPy = [””xf —bs Tyr me} . With *P¢, we can linearize the system as:

xl};L Py + T3¢ xl“);L [ L. ] n®
(b ~
5 — [Z%;] . |:HbL$Pf + Hnn(b; . be_QL be_QL 01X2 (92)
I () - D )| — ~ ~
ZR Hy,"Pr + Hon ml?IlR Py + T IIE)LR I n®
“bl,, “bl,, | [01x2

To sum up, the measurement model and its linearized model for ”X” aided INS can be gener-
alized as (10) and (11).

Table 1: Measurement Model for Different Sensors

Sensor Range Full Bearing Partial Bearing
1D range finder v
mono-camera v

sonar

2D lidar

3D lidar
RGBD-camera
stereo-camera

ANENENENEN
ASENENEN

All the sensor measurements to point feature can be seen as the combination of range measure-
ments and bearing measurements (as shown in Table 1). (Be noted from the table that camera
sensors can get the full bearing measurements, which in some sense is equivalent that we get the
information of # and ¢. The sonar can only get partial bearing information (), so we label it as
partial bearing measurement in the table.) Therefore, in order to fully analyze the observability
property of "X” aided INS, we will analyze the range only measurement model and bearing only
measurement model in the next section respectively.

Appendix D: Unobservable Directions for Point Features

D.1: Nonlinear Observability Analysis

we first provide an overview of the nonlinear observability rank condition test [20] and summarize
the method in [12][21][31][2] for finding the unobservable modes of nonlinear system.

D.1.1: Observability Analysis with Lie Derivative

Consider a nonlinear system:
- ‘
X = fO(X) + ZiZI fl(X)uZ (93)
z = h(x)
where x € R™ is the state vector, u = [u; -+ 1wy € R’ is the system input, z € R¥ is the system
output, and f; for i € {0, ..., ¢} is the process function.
The zeroth order Lie derivative of a measurement function h is the function itself, i.e., £L%h =
h(x). For any n-th order Lie derivative, £"h, the n + 1-th order Lie derivative Lg“h with respect
to a process function f; can be computed as:

L{'h = VL h - f; (94)
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b

where V denotes the gradient operator with respect to x and ” - ” represents the vector inner
product. Similarly, mixed higher order Lie derivatives can be defined as:

b oh= Lo hh) = VL o, (%)

where 7,5,k € {0,...,¢}.

The observability of a nonlinear system is determined by calculating the dimension of the space
spanned by the gradients of Lie derivative of its output functions[20]. Hence, the observability
matrix O of system (93) is defined as:

V.Loh
VLih
02 : (96)
VLge g h

To prove that a system is observable, it suffices to show that O is of full column rank. However,
to prove that a system is unobservable, we have to find the null space of matrix O, which may
have infinitely many rows. This can be very challenging especially for high-dimensional systems,
such as ”"X” aided INS. To address this issue, we adopt the method proposed by [21] for analyzing
observability of nonlinear systems in the form of Eq. (93).

Theorem D.1. Assume that there exists a nonlinear transformation B(x) = [B1(x)" ... 8,(x) "] (i.e.,

a set of basis functions) of the variable x, such that:
1. The system measurement equation can be written as a function of 3, i.e., z = h(x) = h(3)

2. ax £;, for j ={0,...,¢}, is a function of B

Then the observability matriz of system (93) can be factorized as: O = ZQ where Z is the observ-
ability matriz of the system:

B=2g0(B) + i, &i(B)u
\an (&7)
and  can be represented as: 96
Q=- (98)
Proof. See [21]. O

L. . .1 98,

Note that system (97) results by pre-multiplying the process function to system (93) with 5>:

X ; l
(B = B0+ ETben  { A=)+ T eoh
z =h(B)

where g;(8) 2 22 and h(B) 2 h(x).
Corollary D.2. If E is of full column rank, i.e., system (97) is observable, then the unobservable
directions of system (97) will be spanned by the null vectors of .

Proof. From O = EQ, we have null(O) = null(Q) U (null(Z) Nrange(Y)). Therefore, if Z is of full
column rank, i.e., system (97) is observable, then null(O) = null(12). O

Base on Theorem D.1 and Corollary D.2, to find the unobservable directions of a system, we
first need to define the basis functions, 3, which fulfill the first and second conditions of Theorem
D.1. Then, we should prove that the infinite-dimensional matrix = has full column rank, which
satisfies the conditions of Corollary D.2.
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D.2: System Propagation Model

For the ”X” aided INS, the IMU measurements are used for state propagation while the measure-
ments from ”X” sensor are used for state update. The INS state x; can be defined as:

x;=[gs" by “v[ b, “pj]’ (99)

where és is the Cayley-Gibbs-Rodriguez parameterization [32] representing the orientation of the
global frame {G} in the IMU frame of reference {/}. The time-continuous system evolution model:

68(t) = D('w(t) —by(t))
by(t) = n,
“Vi(t) = “a(t) =“g+R(Gs(t) " (a(t) — ba(t)) (100)
bo(t) = mn,
“Pi(t) = Vi)
where D £ 25 = L(I+ [sx] +ss7), 0 = ok represents a rotation by an angle o around the

I

axis k, lw(t) = [w1 wy ws]” and fa(t) = [a1 ay as]’ are the rotational velocity and linear
acceleration respectively, measured by the IMU and represented in {I}. Gg is the gravitational
acceleration, R(s) is the rotation matrix corresponding to s, and n, and n, are the gyroscope and

accelerometer biases driving white Gaussian noises.

D.3: Observability Analysis for Point Feature

Based on the above analysis, the key is to prove = is of full rank and then to find the unobservable
direction from the €. € is determined by the basis functions 8. That means if we can find the
same basis functions set 3 for ”X” aided INS, we can prove that these systems have the same
unobservable directions. Therefore, the only job left unfinished is to prove the different =s for these
systems.

D.3.1: Basis Functions For Point Measurement

With the generalized point measurement model and state propagation model, we can define the
state vector as:
x=[s" by V] b, “P[ “PefT]" (101)

For simplicity, we retain only a few of the subscripts and superscripts in the state elements and
denote the system state vector as:

x=[s'" b, V' b, PT P{|T (102)

Then the system state equation can be rewritten as:

[ ‘é | [ —Db, ] [ D ] [0 ]
by 0 0 0
V| |g-R'b, 0 R'
b, | = o Hlolet| o |2 (103)
P v 0 0
Py | 0 ] | 0 | | 0 |
- - —_——— —— ——
fo Fq Fs
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where R 2 R(s). Note that fy is a 18 x 1 vector, while F; and Fa are both 24 x 3 matrices which
is a compact form for representing process functions as:
Fiw = fliwi + flaws + fiaws (104)
Fia = fra; + faag + fazas (105)

Since all the terms in the preceding projections are defined based on the existing basis functions,
we have found a complete basis set:

B1 R(ps —p)
B2 by
B=|85|=| Rv (106)
By b,
Bs Rg
Therefore, the new system with 3 basis:
[ ﬂ:1 ] —[B1%x]By — B3 181 %] 0
:32 0 0 0
Bs | = | —Bsx|Ba+Bs =By | +]| [Bsx] [wt+ | Iz |a (107)
B, 0 0 0
35 —[B5%xBs 185 0
- - ~ N——
g0 G Go

where g is a 18 x 1 vector, while G; and Gg are both 24 x 3 matrices which is compact form for
representing process functions as:

Giw = glwi + giaw2 + gi3ws (108)
Goa = goia1 + 82202 + g23a3 (109)

Base on the Theorem D.1, the observability matrix O of the "X” aided INS is the product of
observability matrix = with the derivatives of the basis functions 2. In what follows, we will first
prove that matrix = is of full column rank. Then, the null space of matrix €2 corresponds to the
unobservable directions of the ”X” aided INS.

From the generalized measurement model Eq. (10), the = contains two parts:

|

where Z(") and Z(®) represents observability matrix from the range measurement and bearing mea-
surement respectively. Therefore, in order to prove that matrix = is of full column rank, we will
inspect the column rank of 2(") and =® respectively. In Appendix E.2 and E.3 we showed that for
range measurement and fulling bearing measurement =" and Z(®) will have full column rank

(1]
(1 (11

(r)
() } (110)

D.3.2: Unobservable Direction

According to the basis set of 3, we have:

[R(p;—p)x]J%2 0 0 0 -R R

93 0 I, 0 0 0 O
Q=--= |[Rvx] 9% 0 RO 0 O (111)

x 0 0 0I; 0 O

|[Rgx | %8 0 00 0 0
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Assuming A is the null space of 2, and A should have the following form:
T
A=|A] A] A] A] A] Aﬂ £0 (112)
such that:
QA =0 (113)
Hence, the system’s unobservable directions can be described as:
Os
0 0

— 0
A—| ~lvxle 114
—lpxJg I
[ —[pyx]g I3 |
Therefore, the unobservable directions are the global position of ”X” sensor and the the point
landmark, and the rotation about the gravity vector.

Appendix E: Basis Function and Rank Test for Point Measurement

E.1: Basis Functions for Point Measurement

According to the two conditions of Theorem D.1, we define the system’s first basis function accord-
ing to Eq. (9):
B1 = R(p; - p) (115)

According to the second condition of Theorem D.1, we will compute:

08, _ [08, 08, 0B, 0, 08, 0B, 116)
0x 0s 0Ob, 0Ov 0Ob, 0Jp Opy
00
= {LR(pf—p)xjas 0 00 —-R R] (117)

0

Pty = —IR(py—p)xJby ~ Ry 2 ~[8,x]8, - B, (118)

0

Dty = [Ripy—p)xJei 2 [Brx e (119)

Brg  _

Tt = 0 (120)
where g—gD = g—g% =13, i € {1,2,3} and we have defined two new basis elements: B, = by,
B; = Rv.

Similarly, for the span of 3,5, we have:
0x ds 0b, Ov 0b, Op Opy
= 0 I, 0 00 O (122)
By, _
T2t = 0 (123)
Bye  _
0By
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where i € {1,2,3}.
Then, for the span of 35, we have:

08, _ [08s 08, 08, 08, 08, 0B, (126)
0x Js 0b;, oOv 0b, Op Opy
= [Lvajae 0 R 0O 0} (127)
Os
0
Pty = ~[Rvx by + Rg—ba 2~ B, + B~ B, (128
%l[igfli = LRVXJeZ‘éL@XJeZ‘ (129)
By, _ A
87Xf21 = I3el (130)
where i € {1,2,3}, and we have defined 3, 2 b, and B; = Rg.
Then, for the span of 8, and 35 we have:
ox ds 0b, 0Ov 0b, Op Opy
=0 00 I 0 0 (132)
0By, _
OPap
S i =0 (134)
OPap
Pig, = 0 (135)
where i € {1,2,3}.
0x Js 0b, oOv 0b, Op Opy
= [LRngg‘: 0 00O o] (137)
0
Dty = —Rexlby 2 (%8, (139)
0
Dot = [Rexlei 2 [Byxe; (139)
Bs, _
Wag, = 0 (140)

where i € {1,2,3}.

E.2: Rank test for =

Since the for the range measurement:r = \/wP;—fo and r > 0, we take 12 = xP;fo as the
equivalent measurement to simplify the mathematical analysis. Hence, the range measurement
model can be expressed in terms of basis functions as:

" =8]8, (141)

Then we will perform the nonlinear observability rank condition test according to [20].
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e The zeroth-order Lie derivatives of the measurement function is:

£'n" = Bl B,

Then, the gradient of the zeroth order Lie derivative is:

voR" =

on"”
B

:[wf 00 0 0}

(142)

(143)

e The first-order Lie derivative of E(T) with respect to go, g1, and go; are computed respectively,

as:
L = 'R g = —28/
‘Céuﬁ(r) = V‘COE(T) ‘g1 =0
Eémﬂ(r) = V,COE(T) c 892 = 0
while the corresponding gradients are given by:
()
1 () OLg,h T T
vl = g#: [—2ﬁ3 0 —28/ 0 0
1 3"
| ) _ OLgh
Vi, h'W = %T:[o 0 0 0 O
1 ()
1) OLg,h
Vig,h'' = %T:[o 0 0 0 0

e The second-order Lie derivatives are as following:

— VLLE" g0 =261 8; - 28] B; + 26/ B,
= Vﬁéoﬁm g1; =0

= Vﬁéoﬁ(r) g2 = —20] e;

2 ()
Egogoh
2 3(r)
’cgoguh
2 ()
[’gogm‘h
while the corresponding gradients are:
2 3(n)
9 =) oL h
vEgogoh = go;;g
2 3(r)
2 (r) _ aEg g ih
v'cgoguh - Oaé
2 ()
2 () _ 8Lg g h
vzgogzih - Oag

=[-287 -8]) 0 48] 28] -25]]
=0 0 0 0 0

:[—zef 00 0 0]

e The third-order Lie derivatives are as following:

£3 H("') —

g08080

£3 E(T) —

8080814

r3 H(T) _

8080824

ES H(r) —

8082:80
3 =—(r)
Egogzi& j h
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8080

2
vEgogo

8080

2
v£g0g21

2
v£g0g2i

VL2 b g0 = 28] B; — 28] By — 28] |81 x5,
" g = 28, |81 % ]e;

I g2i = 4083 e;

1" gy = 2¢] 8% /B, + 26 By

" gij = —2e; [Bx]e;

(144)

(145)

(146)

(147)

(148)

(149)

(150)

(151)

(152)

(153)

(154)

(155)



while the corresponding gradients are:

= [28]18:¢) —28ulBix) 28] —BI) —268] +285(8:x| 28§])
VL e B = aﬁg%ﬁ“w: 26][ex] 0 0 —2]|B,x] 0] (162)
VLR e B = (%g(%’fflm: 0 0 4ef 0 0 (163)
VL gmeh = aﬁgaﬂh()z —2¢] [B,%] 2e[(8,x] 2] 0 0] (164)
VL e B = aﬁg‘)ggﬂg”m: —2¢]lejx] 0 0 0 0} (165)

e The fourth-order Lie derivatives are as following:

() ()
Eéogogogoh = VEgogogoh " 80
= —28][Box]181x)Bs — 481 [B2x ]85 + 2(B] — B5 ) (B4 — Bs) (166)
ﬁéogogmgoﬁ(r) = v£éogog2iﬂ(r) "800 = _4ez’T |.:63><J:82 + 4eiT:85 - 4eiT:84 (167)

while the corresponding gradients are:

—(r) —(r) (1) —(r) ()
V£4 E(”’) _ a‘céogogogoh 8£é0gogog0h a‘céogogogoh a‘céogogogoh a‘céngngngnh
20808080 aﬁl 8ﬁ2 8,63 354 665
(168)
PV S
V’Céogogzigo = % = [0 - 4ez‘T LBSXJ - 4eiT LﬂZXJ - 4eiT 4ez‘T}
(169)
where the terms in Eq. (168) are:
oLl n"
80808080 _ 2,81 Lﬁ2XJ2 (170)
0By
8Eéogogogoﬁm T T T
08, = =20, |Box|B1x] + 2By |B1x|Bax] +4B4 |B3x] (171)
LY pogngoB
80808080 _ _4/31 18y | (172)
083
8Eéogogogoﬁm T T T T
8—,84 = =206y [B1x]|Byx] +4B3 |Byx] +4(B4 —Bs) (173)
oLl "
20808080 _ 4(ﬁ; — B (174)
0B84
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Therefore, we can construct the Z(") matrix (175) and it is obvious that Z(") is of full rank.

B 2 ()
vEgogm h
2 T\ -
V£g0g22 E(T) —2e1T 0 0 0 0
V‘Céogzsh _263— 0 0 0 0
3 (r) _9%2¢al
V['gogognh —|—283 0 0 TO 0
ved o a” —2e; [Byx] 0 0 —2¢] |B1x] 0O
8080812 _92et 0 0 —2¢el 0
Vo 75" ey |B4x] ey [B1x]
8080813 —2e] | B4 %] 0 0 —2e3 [B1x] 0
3 () T
Vﬁgog0g2lh 0 0 de 0 0
=0 = VﬁéOgOgQQH ' = 0 0 49; 0 0 (175)
ved o 0 0 deg 0 0
Vel || sl igx] 2e18ix] ) o o
gogzlgoi . —Qe;r | B2 | 2e;— 181 %] 2ezT 0 0
vzgogmgok( ) —28:—{ B2 %] 29; 181 %] QeiT 0 0
V[,éogwgoh 0 —4e1'— |83 | —4e1r [ B ] —éleir 4e1r
I n® 0 —de] |Byx| —de]|Byx] —4ey 4e]
vﬁiogogzlgoﬁ r i 0 —de] |Byx]| —de] [Byx] —deg de]
808082280
4 T\
—VEgogogzsgoh -

E.3: Rank test for =

For the analysis, with the generalized point measurement model(10)(11), we consider the noise
free case, and define v = b 1, v = b o. Then we will perform the nonlinear observability rank
condition test according to [20].

e The zeroth-order Lie derivatives of the measurement function is:

_ EOE(b) ’)/T,B 7_|_
th(b) = 71 — |: 1M1 :| — |: 1 :| 176
PN 3 By v P (176)
Then, the gradients of the zeroth-order Lie derivative is:
70 ons” - .
o | VLD B 98 (A 000 0] [A]
VL h —[vﬁohg)) Tl | Tl 0000 |~ [13 0 0 O O]
B
(177)
e The first-order Lie derivative of H(b) with respect to go, g1, and go; are computed respectively,
as:
B® =(0) veon g
Lol = VORT-go=| O opy (178)
VL%, - go
T T T
=1 [B1x]B2 — 1 B3 ] [ 1 ]
- - —1B1x]By —1 179
[ 73 [B1%1B2 =3 Bs g (=81 x]By — I383] (179)
h 1. VﬁOH(b) - g1 FYT \_B XJe' ")’T
rl p® — yrop® . = h, - g :[ I8, Z}:[ ] ] s
g1 g1 VLR g, ~1 18y % e o (181 x| &180)
T — ngE(b) - g9 0
El h(b) — vLOh(b) S g = 71 2 _ |: :| 51
gh T veonl gy 0 (181)
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while the corresponding gradients are given by:

[ 1 oL, by T T T
vl n®» — VL by _ 0B _ [ Y1 Box] =i [B1x] —v1 0 O }(182)
& | vel by i‘éaoﬁhé) Y3 Byx] 3 lBix] v 0 0
[~ T
= | ¥ } [1Bx] ~1Bix] T, 0 0] (183)
®) : vl Bl =L Tleix] 0 0 0 0
13 _ 1 _ 3 _ | Ty LeiX
Vel T v wy ] R g v ool sy
[~ T
- :;IT } [ —le;x] 0 0 0 0] (185)
L /2
r —(b) [ ocy, B ]
O VL£L by | i o
Vel = i vazuﬁg’) - M;alzfé”’ “lo (186)
e The second-order Lie derivatives are as following:
R0 =0 vk by - g
Lgogoh = VLgh " -go= vl H(b) - (187)
g2
T
= |2 | Fmdioiis - 180y + Bkt - Bs 4Bl 89)
_ _ vl bl g ~T
2. b = vl B gy = | el Bl [ ! } x| 181 %] — B3] €89
8081 go g1 Vﬁéohéb)-gu v [[B2x][B1x] — [B3x]]€89)
2 (b 1 10 Vﬁgl.ﬂ(lb) * 80 !
Lgligoh - V‘Cguh 180 = \s ZE(b) 0 = ,},; HeiXJ LBlXJBZ - leli(an)
g1 2
_ _ \V8 E(b) g1 ,.YT
2w = vl B gy = | Vet Bl :[ ! ] —leix||B;xJe;] (191
81i81j5 814 gl] vﬁéhhéb) . g]_] ,7;— [ L JIJB]_ J ]] ( )

RPNG-2017-OBSERVABILITY

28



with the corresponding gradients as:

=) LG a1
=0 V.CQO Sy 080
V‘Cgogoh = Vﬁg & (b) or? 'Bh(b) (192)
gogo godgﬁo
-
= [T s 180 - 1B+ LBk + 1Bix] - Lex) To )
5 [ L5ney 2 ]
—(b) VLZU h 0L
vzéogl h = VES & —(b) ] T ez, wY (194)
g081i L 005 ]
= | 7 [Esadles - Uit ~leix) 0 0 (195)
=) [ L% e ]
5 (b) B v£21 oh B 14
VL el = Vﬁg g 7(1)) = | oz o aw (196)
gugo L 135) |
= [ 2 Flexiign lexdioix) L) 0 0 (197)
ng AP
—(b) VE21 ) i81j T
VL2 b B = i’gﬁm ] = P | = [ 20 |llexlle;x) 0 0 0 o (19
L VL ig, B2 glagéf 2 2
e The third-order Lie derivatives are as following:
7 (b)
5 5® — w2 5. — | Vg 81
Egogoguh - vEgogo ‘81 = V£§0g0 b) ) (199)
£080 " Bl
-
v
= | T | a2 = 8o 1Bix] - 1Box)? - Bsx s (200)
( ) T
(®) ® VL g2 ¥
‘Cgogogmh Vﬁéogo “ 82 = vﬁgogo Z = ,yll' [_ £ﬁ3><“ei (201)
2080 " 82i 2
with the corresponding gradients as:
=(b) 0L age, P
3 () V’CSU 081i h ;
Viggog = V£§ BB Gy | = o3,y B (202)
80808&1: 2 o8
() () =(b) —(b) —(b)
— [ ’71 :| 8‘Cgog0g1 h 8‘6203031 h a‘czogogl h aﬁgogogl h a‘Cgogog1 h (203)
Y2 B4 eje 983 0B 9Bs
=) L agans P
7(b) V‘Cgu 0 21h o Yy
VLo goga: V£§ 808 G ] = [ oL B ] [’Y; [0 O |e;x| 0O (@04)
808082i h, L
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where in the equations:

oV n® [ 9L3pmpe Pt ] ~T
TV ™ gogogris 0By _ =| "L | [=Byx]?eix]| + |Byx]|eix 205
op, D8 gy B [ﬁ]“ﬂ”t“ Bax]lecx]] - (205)
L 98, |
=(b) [ L3 e By ]
8V£3 _h _"808081i 1
IV gogogni b _ iy 0B, o (206)
0B, ILgogogr; 2
L 98, J
A
R ] [—[1Bax|1B1xJeix] — [Bax][[B1x]eix| — [[Byxeix]] (207)
—(b) r acs R
8V£3 h _ 8080813 1 T
g08081: _ 3 | N X i X |+ xXje;X 208
g s _7;][% Jleix] + [BaxJeix]] (208)
L 98, |
—(b [ ocs AR _
VL g | TR 0] (209)
9B, OLinsos 12 L O
L 9B, J
‘ —(b) [ 0L% e by T -
VL % — ’@ ] [leix]] (210)
985 ‘%Lguhg) Y2
L 985 |

e The fourth-order Lie derivatives are computed as:

8080821
3 hy .
V£gog0.9_;2z' hy ™ - go

7T
- [ ,y;T ] [—leix|[B1x]Bs + leix|Bs — [eix]By] (212)

£4 H(b) — VE3 H(b) gy =

808082i80 g08082: (21 1)

V£3 Hgb) - 80 ]

with corresponding gradients as:

3 7(b)
(b & n® Lgpmomrieot
v 3 h( ) _ 808082:80 1 — B (213)
808082i80 3 —(b) o3 H(b>
V£80g0g2i80h2 £08082i80 2

]
= [ 2 |t timx) —lexiiBd 0 —lex) Lo (1
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Therefore, we can construct the Z(*) matrix as (215) and it is of full rank.

-~ le1x] 0 0 0 0
—vg le1x] 0 0 0 0
—~7 leax| 0 0 0 0
—v5 |eax| 0 0 0 0
—~7{ le3x| 0 0 0 0
—v5 le3x| 0 0 0 0
i lerx][Box] +{ lerx][B1x] +7] le1x] 0 0
w4 |rlexIBax] +vflex](8ix] +vilex] 0 0
Vﬁguh@ 1 le2x][Bax| +7] [e2x|[Bix]  +7] [e2x] 0 0
vel,h 75 |e2x][Bax | +75 [€2x|[Bix]|  +75 [e2x] 0 0
Vﬁémh(b) _’Yi lesx][B2%] +’71 lesx|[B1x] +’Y£ lesx] 0 0
vez  p® —72 lesx] LI%Q) x|+, lesx] L% x] 4y les ><(J) 0 0
gugo 3 h 3 h 3 L
vﬁéugof(b) 0£gngognh(b) ‘%go%ogznh(lb) 8530%%%;1 h(lb) 0 '71T le1 x|
2 oLs b oL h. ors h.
V£g13g0 hi(b> go%og]u 2 go%)ﬁgu 2 gogaogu 2 0 ,Y;I' le1x]
vﬁgogoguh 6£éogoglzh(b) aﬁgogoglzh(lb) 8£gogoglzﬁ(1b) 0 TLe ><J
=0) = 3 ) [ — B, B B 71 [€2 215
= \pe h 3 =) 3 () 3 N O) (215)
fogogwi(b) dﬁgogognh? ‘Mgogogmhl dﬁgogoglzhz 0 T \_e ><J
vggogoglah By B2 9P3 Y2 (€2
Vﬁg E(b) 8£éogoglzﬁ(b) aﬁéogognﬁ(b) 8£gogogwﬁ(b) 0 T
§ogog217(b> T,@ 9B, ) B o v, lesx]
Vs ! Dsogonihs e T Ogomomsha 0 ¥ lesx]
s (b> 0B, 9B, B3 2 €3
4gogog23 —) 0 0 —~7 le1x] 0 0
VLeogogagot X 0 0 —’)’; le1x| 0 0
v£4gogog22goh( ) 0 0 —’YI Lez ><J 0 0
vl e 0 0 —v4 |e2x] 0 0
808082380 - 0 0 _71F Le3 XJ 0 0
0 0 —v4 le3x | 0 0
+71 lerx|[Bax]  —v] lerx|[B1x] 0 -1 lerx] ~{|e1x]
+7g lerx|[Bax]  —vg [erx|[Byx] 0 g lerx]| 3 [e1x]
+71 leax|[Bax]  —v] leax|[B1x] 0 —71 leax| ~{ [e2x]
+7g leax|[Bax ] —vg [exx|[B1x] 0 g leax]| 73 [e2x]
+71 lesx][Box] —v] lesx][Byx] 0 —1 lesx] ] [esx]
[+73 lesx][Bax] =3 lesx][B1x] 0 72 lesx] s lesx]
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