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. INTRODUCTION

* Advances in the manufacturing of MEMS-based inertial sensors have
made it possible to build small, inexpensive, and very accurate Inertial
Measurement Units (IMUs).

* An important advantage of visual sensing is that images are high-
dimensional measurements, with rich information content.



. INTRODUCTION

* Our approach is motivated by the observation that, when a static
feature is viewed from several camera poses, it is possible to define
geometric constraints involving all these poses.

* The primary contribution of our work is a measurement model that
expresses these constraints without including the 3D feature position
in the filter state vector, resulting in computational complexity only
linear in the number of features.

feature = landmark



[I. RELATED WORK

* (1) One family of algorithms for fusing inertial measurements with
visual feature observations follows the Simultaneous Localization and
Mapping (SLAM) paradigm.

* In these methods, the current IMU pose, as well as the 3D positions
of all visual landmarks are jointly estimated with the difference that
IMU measurements, instead of a statistical motion model, are used
for state propagation.

MonoSLAM + IMU



[I. RELATED WORK

* The fundamental advantage of SLAM based algorithms is that they
account for the correlations that exist between the pose of the
camera and the 3D positions of the observed features.

* On the other hand, the main limitation of SLAM is its high
computational complexity.



[I. RELATED WORK

* (2) Several algorithms exist that, contrary to SLAM, estimate the pose
of the camera only(i.e., do not jointly estimate the feature positions),
with the aim of achieving real-time operation.

e Utilize the feature measurements to derive constraints between pairs
of images.

* Our algorithm can express constraints between multiple camera
poses, and can thus attain higher estimation accuracy.



* Introduction to Kalman Filter

* Discrete Kalman filter

State vector

System Model

Measure Model
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* Introduction to Kalman Filter

 Discrete Kalman filter — predict equations.

Predict state '%;C — Ajek _ 1 + Buk — 1

Predict covariance Pk APk B 1AT -+ Q



* Introduction to Kalman Filter

 Discrete Kalman filter — update equations.

- - —1
Kalman Gain Kk — PkHT(HPkHT+R)

Y

Update state X = '%;c + Kk(zk — H-i:;c)

Residual

Update Covariance Pk — (I—KkH)P];



* Introduction to Kalman Filter

Time Update (“Predict™)

Measurement Update (““Correct”)

(1) Project the state ahead

X, = Axk_l +B.as‘.fk_l

(2) Project the error covariance ahead

P, = AP,_,AT+Q

Initial estimates for X, _, and P, _,

(1) Compute the Kalman gain
- - -1
_ T T
K, = P,HT(HP,HT +R)
(2) Update estimate with measurement z;,

(3) Update the error covariance

P, = (I-K,H)P,




* Introduction to Kalman Filter

* Extended Kalman Filter (Discrete)

System Model xk —_ f(xk_lj uk_]:* Wk_])

Measure Model Zk — h ( xka vk)



* Introduction to Kalman Filter

e Predict state

Predict state ik — f('%k—l’ uk_l, O)



* Introduction to Kalman Filter

* EKF:
How to predict covariance matrix ?
linearization




* Introduction to Kalman Filter

* Two important equations

Error State Py Y
63% ~ Aexk 1 _I_ 5]{; How the error propagates

~ - ~
€Zk ~ HefL’k _l_ nk How the error is measured

Residual



* Introduction to Kalman Filter

* EKF predict equations.

~

Predict state xk — f(-%k_ 1° uk_ 1° O)

Predict covariance Pk AkPk— 1AT + Wka_ 1Wk



* Introduction to Kalman Filter

* EKF update equations.

Kalman Gain Kk — PECH]{(H/CP}(H]?'F VkRng)_l
Update state ifk = .%;( ~+ Kk(Zk —_ h(’%;c’ O))

Update Covariance Pk — (I — Kka)P;c



* Introduction to Kalman Filter

Time Update (“Predict™)

Measurement Update (*“Correct™)

(1) Project the state ahead
'i.k = f(j:k_ 1> Up _ 15 0)

(2) Project the error covariance ahead

P, = AP _ AL+ W, 0, W]

Initial estimates for X, _, and P, _,

(1) Compute the Kalman gain
. : 1
= i 4 T £
K, =PH (HPH +V,RV,)
(2) Update estimate with measurement z;,

(3) Update the error covariance




[1l. ESTIMATOR DESCRIPTION

e A. Structure of the EKF state vector

EKF state vector comprises
(i) the evolving IMU state

(ii) a history of up to Nmax past poses of the camera



[1l. ESTIMATOR DESCRIPTION

 EKF state vector — [|MU State

T
Xivu = |LgT bT “viT ba “pT

q :the unit quaternion describing the rotation from {G}to {I}

o QT

g - the bias affecting gyroscope measurements
v1 : IMU velocity with respect to {G}
b, :the bias affecting accelerometer measurements

Pr1 : IMU position with respect to {G}



[1l. ESTIMATOR DESCRIPTION

* IMU error-state

XIMU: 59? Bg Y ? bT GPI

Error definition:

For quaternion (§ — 5(?@ (?




[1l. ESTIMATOR DESCRIPTION

 EKF state vector

Assuming that N camera poses are included in the EKF state vector at
time-step k, this vector has the following form

T

< c:2l  @a vl @a»
X I:XIMU,IC G q pcl IR € q pCN

R & T of camera pose

G ‘q and Gpc 1 = 1... N are the estimates of the

camera attitude and position, respectively.



[1l. ESTIMATOR DESCRIPTION

* EKF error state vector is defined accordingly:

X = XAy, 66%, ©pL, ... 66%, OPL,



[1l. ESTIMATOR DESCRIPTION

* B. Propagation (Predict)

The filter propagation equations are derived by discretization of the
continuous-time IMU system model

1) Continuous-time system modeling:
The time evolution of the IMU state is described by

IGg(t) — %QliW(t):iIch(t), Bg(t) = Nyg(1)

Gur(t) = Ca(t), ba(t) = nealt), “pr(t) = vt




[1l. ESTIMATOR DESCRIPTION

* Applying the expectation operator in the state propagation equations
we obtain the equations for propagating the estimates of the evolving
IMU state.

Derived by measurement of gyro

IGé — %Q(QJ)IG‘?: E"g — 03)(1}

v; — CTé — 2|wg X| Gy — (wg ><J2 Gpr+Cg

Derlved by measurement of accelerometer

b, = 0341, Sp;=Cv;



[1l. ESTIMATOR DESCRIPTION

* 2) Discrete-time implementation
* IMU state estimate

Every time a new IMU measurement is received, the IMU state
estimate is propagated using 5th order Runge-Kutta numerical
integration of Egs. (9)

Iqu — %Q(Q)IGi Bg — 03)(1;




[1l. ESTIMATOR DESCRIPTION

e What about the covariance? we need this

Xk+1=®(tx + T, tx) Xk



[1l. ESTIMATOR DESCRIPTION

* The linearized continuous time model for the IMU error-state is:

[ —I_l‘.;? XJ —Ig

033 033

—Cgl_ﬁ x| 03x3

033 033

| O3x3 033
- [n_ Eg

XIMU

03 X3
03 X3

—2 I_LLJG XJ

03 X3
03 X3

_CT

q
03 X3
03 X3

FXnvu + Gnovu

03}( 3

03}( 3
03:( 3
03}( 3

03>< 3
03)( 3
03)( 3
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[1l. ESTIMATOR DESCRIPTION

-

* The error state transition matrix ®(t; + 7', tx) is similarly
computed by numerical integration of the differential equation

‘I’(tk—}—'?',tk) :Fé[)(tk—b—'r,,tk), T € [OjT]

with initial condition ®(ty,tx) = Iy5.
* A simple approximation & ~ 1 + FA¢{

ik F1 = ‘I’(tk + T, tk)ik’




[1l. ESTIMATOR DESCRIPTION

 Two important equations of EKF




[1l. ESTIMATOR DESCRIPTION

e EKF covariance estimate

Partition:

(Prr Pic, ., |
P — k|k k|k 11
K|k _P?Cm;c PCC;CH:_ (1

P”;.:uc The 15X 15 covariance matrix of the evolving IMU state

PCC;M The 6N X 6N covariance matrix of the camera pose estimates



[1l. ESTIMATOR DESCRIPTION

* EKF covariance
covariance matrix of the state estimate is propagated as:

P 0 s PIIJ;:+1|;.: . ‘I)(tk +T?tk)PICk|k
k+1| _Pfcmkq)(tk + T, tx) P(j(jchlic |
Pricis the covariance matrix of the propagated IMU state

®(t, + T,tr) the error-state transition matrix for the IMU

# e

Xpir1 = St + T, te) Xk



[1l. ESTIMATOR DESCRIPTION

o
PIIk:-|—1|k

A simple Version:

T

D, Pir,. @7 + Qu

Priie = pT 7T
IC, I,

(I)Ik:PICkug
Pccy,,




[1l. ESTIMATOR DESCRIPTION

* C. State Augmentation

Upon recording a new image, the camera pose estimate is

computed from the IMU pose estimate as:

Cz_|
Gq =

“q

I
dye

q

?

and “po =

G -~

Pr

+ C

e

q

PC




[1l. ESTIMATOR DESCRIPTION

* When a camera pose estimate is appended to the state vector, the
covariance matrix of the EKF is augmented accordingly

Tsni15 p Tsn 115
J Kk | g

N T
Prix —

C (Fq) O3x9 Osx3 Osxen
C.'pc %] O3xg I3 Osxen




[1l. ESTIMATOR DESCRIPTION

e D. Measurement Model

We now present the measurement model employed for updating the
state estimates, which is the primary contribution of this paper.

General form of measurement model in EKF:
r = HX + noise

H is the measurement Jacobian matrix



[1l. ESTIMATOR DESCRIPTION

e Measurement model jth feature , ith pose
C; .
G 1 ‘X (5) o
Z; _CiZj {C*-YJ +1n;’, 1 €S
O v
C. C.Xj C. =\ /G G
‘pr, = | VY | = C(& )Py, - TPc)

Where prj is the 3D feature position in the global frame. Since this is
unknown, in the first step of our algorithm we employ least-squares
minimization to obtain an estimation.



[1l. ESTIMATOR DESCRIPTION

* the measurement residual

I‘,gj) __ Zgj) _ i%(_j)

Estimated position of feature

o1 [CX
~(17 1 ?'X e S -~ A~
2 = o3| o |9 | =CE D Ps, ~“Pe)
?'Zj i j_ CQ'ZAJ

e Linearization I',gj) inc Hgézf( + H({)Gﬁfj + Ilgj)



[1l. ESTIMATOR DESCRIPTION

* By stacking the residuals of all M; measurements of this feature, we
obtain:

rt) ~ Hgé)i + H&j)Gﬁfj +nW

r = HX—Fnoise

* Thus, the residual cannot be directly applied for measurement
updates in the EKF.



[1l. ESTIMATOR DESCRIPTION

* To overcome this problem, we let A denote the unitary matrix whose
columns form the basis of the left nullspace of H;

ri) = AT (zU) — z20)) ~ ATHg:g)i +ATn0
= HUXU) 4 nW)

Row number: 2Mj — 3

* This equation defines a linearized constraint between all the camera
poses from which the feature f; was observed.



[1l. ESTIMATOR DESCRIPTION

 Two important equations of EKF




[1l. ESTIMATOR DESCRIPTION

* E. EKF Updates

EKF updates are triggered by one of the following two events:

1) When a feature that has been tracked in a number of images is no
longer detected, then all the measurements of this feature are
processed using the method presented in Section IlI-D.

This case occurs most often.



[1l. ESTIMATOR DESCRIPTION

2) The maximum allowable number of camera poses, N has been

reached.

max’

In our algorithm, we choose N, _ /3 poses that are evenly spaced in
time, starting from the second-oldest pose. These are discarded after
carrying out an EKF update using the constraints of features that are
common to these poses.



[1l. ESTIMATOR DESCRIPTION

e Update process in detail

Consider that at a given time step the constraints of L features,
selected by the above two criteria, must be processed.

: . [ o |
r(()J)a j — 1 .« o L H;‘)‘}” ] = [ — Row number: QMJ — 3

By stacking all residuals in a single vector, we obtain:

r, = HXX +n, Row number: d = Zjl-’zl(QMj —3)



[1l. ESTIMATOR DESCRIPTION

Row numberof T, d = Zle (2M; — 3)

* One issue that arises in practice is that d can be a quite large number.
For example, if 10 features are seen in 10 camera poses each, the
dimension of the residual is 170. (d=Y7,(2M; —3))

Hx = [Q1 Q2] [TOH]

Iy TH_I X {1’10

1
o
O

-
o

g
_|_

-

Q

I

I'D)
s e

S

|



[1l. ESTIMATOR DESCRIPTION

* the new measurement residual

I'n = Q?ro — THi"'_nn

n, = Q’{na

" : the number of columnsin QQ



[1l. ESTIMATOR DESCRIPTION

e update
Kalman Gain

K = PT% (TyPT, +R,)

Update state
AX = Kr,,

Update Covariance

Priiprr = (Ie = KTx) Prpp (I — KTy)' + KR, K”

¢ = 6N+15



[1l. ESTIMATOR DESCRIPTION " = column number of Q1

d=3;_,(2M; - 3)

: : =6/N+15
 Computational complexity :

The residual 1, , as well as the matrix T , can be computed using
Givens rotations in O(r*d) operations, without the need to explicitly
form Q.

On the other hand, covariance update involves multiplication of square
matrices of dimension &, an O(¢3) operation.

Therefore, the cost of the EKF update is max(O(r2d), O(£3))



[l ESTIMATOR

e F. Discussion

max(O(r?d), O(&%))

r = column number of Q1 & 5
d=>"_(2M; —3)

1_..fj:1

£ = 6N+15

DESCRIPTION

* As shown in the previous section, tiie filter’'s computational
complexity is linear in the numniber of observed features, and at most
cubic in the number of states that are included in the state vector.

* Thenumber of poses

that are included in the state is the most

significant factor in determining the computational cost of the

algorithm (tradeoff).



[1l. ESTIMATOR DESCRIPTION

* If, on the other hand, the residual vector row as employed, without
projecting it on the range of Hx , the computational cost of
computing the Kalman gain would have been O(d?). Since typically

d > & r ,we see that the use of the residual r,, results in
substantial savings in computation.



[l ESTIMATOR DESCRIPTION

* My guess

Feature 2

Feature 4 Pose 3

Feature 5

Array




[1l. ESTIMATOR DESCRIPTION

Algorithm 1 Multi-State Constraint Filter

Propagation: For each IMU measurement received,
propagate the filter state and covariance (cf. Section I11-B).

Image registration: Every time a new image is recorded,

o augment the state and covariance matrix with a copy of
the current camera pose estimate (cf. Section III-C).

e 1mage processing module begins operation.
Extract the key points and match

Update: When the feature measurements of a given image
become available, perform an EKF update (cf. Sections III-D
and III-E). Caused by two criteria




V. EXPERIMENTAL RESULTS

* The experimental setup:

A camera/IMU system, placed on a car that was moving on the
streets of a typical residential area in Minneapolis, MN.

The system comprised a Pointgrey FireFly camera, registering
images of resolution 640 X480 pixels at|3Hz

An Inertial Science ISIS IMU, providing inertial measurements at
a rate of 100Hz.




V. EXPERIMENTAL RESULTS

* For the results shown here, feature extraction and matching was
performed using the SIFT algorithm

* Even though images were only recorded at 3Hz due to limited hard
disk space on the test system, the estimation algorithm is able to
process the dataset at 14Hz, on a single core of an Intel T7200
processor (2GHz clock rate).

* During the experiment, a total of 142903 features were successfully
tracked and used for EKF updates, along a 3.2km-long trajectory.



V. EXPERIMENTAL RESULTS
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V. EXPERIMENTAL RESULTS

* Error

Vo

Xfinal = [—7.92 13.14 —0.78]F

Error : 10m

Xﬁnal — [O 7 O] g

The final position error is approximately 10m in a trajectory of
3.2km, i.e., an error of 0.31% of the travelled distance.



V. CONCLUSIONS

In this paper we have presented an EKF-based estimation algorithm for
real-time vision-aided inertial navigation.

The main contribution of this work is the derivation of a measurement
model that is able to express the geometric constraints that arise when
a static feature is observed from multiple camera poses.

The resulting EKF-based pose estimation algorithm has computational
complexity linear in the number of features, and is capable of very
accurate pose estimation in large-scale real environments.



Thank you.






[1l. ESTIMATOR DESCRIPTION

* Psr,.,, Iscomputed by numerical integration of the Lyapunov
equation

P;; = FP;; + P FT + GQnuGT
with initial condition PHW time interval (tx,tx+T)

Another Version:

i PCIFCMk(I)L]c PCCMR




