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Vision-integrated navigation system for aircraft final approach
in case of GNSS/SBAS or ILS failures
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This paper proposes a vision-integrated navigation system to guide an aircraft on the final
glide path. It makes use of onboard vision systems which track runway features and estimate a
6D aircraft pose with respect to a runway to land. The proposed vision-integrated navigation
system will allow an aircraft to continue the final approach procedure by maintaining the
navigation precision in case of possible degradation or failure of ILS or GNSS/SBAS sensors.
In order to handle a non-negligible delay of such vision-based measurements due to the image
processing time, an error-sate Kalman filter (ESKF) framework incooporating time-delayed
measurements is established. The proposed delayed-measurement ESKF framework uses a
fact that camera image acquisitions are triggered and notified without delay, and performs
the back-propagation of the estimated state forward in time to prepare in advance for the
future correction step when the corresponding measurement becomes available. The vision-
integrated navigation system based on this framework was developed and its functionality is
validated in simulations. Its estimation performance will be flight-evaluated with two different
vision systems onboard a fixed-wing UAV experimental platform, and flight evaluation results
will be presented in the final paper.

I. Introduction

Despite an overall decrease tendency in both the number of fatal accidents and fatalities in commercial aircraft
operations, 452 accidents still happened in the last five years (2012-2016) resulting more than 2000 onboard fatalities[1].
According to different statistical survey reports on commercial aircraft accidents, nearly half of the fatal accidents
happened during the final approach/landing flight phases. Therefore, enhancing airplane flight safety and autonomy
level during such critical operation phases is an important key to the accident rate reduction, which is a common goal
of the world civil aviation.

In order to contribute towards this global goal of the aircraft accident rate reduction, a Europe-Japan collaborative
research project called VISION* (Validation of Integrated Safety-enhanced Intelligent flight cONtrol) has been launched
in 2016. This 3-year VISION project has objectives of investigating, developing, and above all validating advanced
aircraft Guidance, Navigation and Control (GN&C) solutions that can automatically detect and overcome some critical
flight situations. VISION project tackles two different types of fault recovery scenarios focusing on the final approach
phase; i) Flight control performance recovery from actuator or sensor failures (e.g. control jamming or authority
deterioration, loss of airspeed information), and ii) Navigation and guidance performance recovery from sensor failures
(e.g. degradation of GPS/SBAS or ILS) or flight path obstruction. For the first set of scenarios, different Fault
Detection and Diagnosis/Fault Tolerant Control(FDD/FTC) approaches are proposed and flight-evaluated on a full-
scale manned aircraft[2][3]. For the second set of scenarios, onboard vision-aided navigation and guidance approaches
are developped and flight-validated on a fixed-wing UAV (Unmanned Aerial Vehicle). These new GN&C solutions
will improve the robustness and self-adaptability of current aircraft flight systems, and hence will contribute to ease
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the pilot’s task and stress in handling such anomalies. This paper presents the preliminary outcomes of the work on
the vision-integrated navigation system in case of possible sensor failures, performed for the second scenario set in the
VISION project.

Recent large commercial airplanes are equipped with onboard cameras, which are used to augment pilot’s situational
awareness for obstacle clearance during taxiing. For example, A380 has fin-tip and belly cameras[4]. However, their
usage is still very limited to cockpit display for pilot aide. The feasibility of using onboard vision as a new navigation
sensor for making an autonomous airport approach has been studied in some past projects. In the EU-funded PEGASE
project (2006-2009) coordinated by Dassault Aviation, the position- and image-based visual servoing algorithms for
final approach guidance were proposed[5][6]. The French government-funded Visioland project (2013-2017) proposed
an observer to estimate the aircraft position relative to the runway from image features[7]. The both projects benefitted
from the participation of the aircraft manufacturers to evaluate the proposed algorithms in high-fidelity flight simulation
framework with synthetic images. But no flight validation has been performed on a real aircraft. There are also many
related work on vision-based autonomous landing of a fixed-wing UAVs by runway detection[8][9]. Most of them
show validation results in simulation environment (often using FlightGear for image generation), and only few actually
flight tested the navigation and guidance approaches in a closed-loop manner[10][11].

Many of the above listed work addresse monocular vision-only navigaiton approaches, and do not cope with the
integration with other navigation sensors (INS, GPS or ILS). The onboard vision-aided inertial navigation has been one
of the most intensively studied research topics in the UAV and robotics research community for decades. One can find
in literature a wide variety of vision-based localization techniques by geo-referenced landmark detection[12], visual
odometry and visual SLAM (Simultaneous Localization and Mapping) algorithms[13][14] applied to UAV navigation
in GPS-denied urban or indoor environment. Unlike these UAV or robotics applications, the civil aviation application
requires for the navigation system to provide an integrity monitoring function for possible sensor failure detection and
exclusion. Our ultimate goal for this work of the VISION project is to provide a flight-validated vision-integration
navigation system for the aircraft 6D pose estimation by multi-sensor fusion, augmented with an Aircraft Autonomous
Integrity Monitoring (AAIM) function based on Multiple Solution Separation (MSS) method[15].

As the preliminary outcomes from this work, this paper proposes the state estimator design by establishiing an
Error-State Kalman Filter (ESKF) framework[17][18] incorporating time-delayed measurements so that it can handle
an inevitable non-negligible time-delay of the vision-based measurements due to the image processing time. The
conventional way of handling the time-delayed measurements is to stock all the histories of the sensor measurements
(including IMU) and the estimator outputs for a certain time horizon and re-runs the KF process from the time of
the measurement to the current time as if the measurements arrived without delay. The proposed framework in this
paper uses a fact that acquisitions of the camera images are triggered and notified to the navigation system without
delay, and performs the back-propagation of the estimation state forward in time. In order to do so, we can avoid the
redundant KF correction process with already arrived measurements and the stoackage of all the data histories needed
in the conventional approach. The proposed approach has been implemented and its functionality was validated in
simulations. But the work towards its flight validation with two different vision systems onboard, a stereo-vision system
and a pair of monocular cameras with complementary specifications, is on its way. This paper gives a brief description
of the vision systems and the experimental UAV platform to bse used for future flight validation. Flight test results
of open-loop state estimation performance of the proposed vision-integrated navigation system applied for the aircraft
final approach will be expected in the final paper.

I1. Sensor failure scenarios on final approach

This paper focuses on the final approach segment, from the Final Approach Fix (FAF) until reaching at a decision
altitude/height (DA/H), in an instrument approach procedure of a civil airplane illustrated in Figure 1. The classical
instrument approach procedure uses ILS (Instrument Landing System) which provides both lateral and vertical guidance
on a stabilized continuous descent path (usually at a 3-degree glide slope). Recently, RNAV (aRea Navigation) approach
procedure, described by a series of waypoints, has become widely available by the use of GNSS (Global Navigation
Satellite System)[16]. In particular, high performance approach guidance can be provided thanks to GNSS augmentation
system such as SBAS (Satellite Based Augmentation System) which uses a differential GNSS technology and provides
the integrity and correction information. The interest of using onboard vision in the both ILS and GNSS/SBAS
aporoach procedures is to allow a pilot to continue the approach until DA instead of triggering a go-around or missed
approach procedure in case of possible degradation or failure of the navigation sensors. In this work, the following
sensor failures are considered to happen during the final approach phase, supposing that the accurate aircraft position
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relative to runway is availabe on the initial approach segment for initializing the visual tracker.
* In the GNSS/SBAS approach procedure:
— Lack of SBAS signals with GPS signals fully available
Lack of SBAS and GNSS signals due to jamming
Degradation of GNSS signals due to a reduced number of tracked satellites with SBAS augmentation
— Degradation of GNSS signals due to ionosphere itnerference with SBAS augmentation
¢ In the classical ILS approach procedure:
— Lack of ILS signals
— Misleading of ILS signals due to secondary lob
These failures are emulated by using GNSS or ILS sensor error models developped in the project.

III. Vision-integrated navigation system design

The idea of this work is to design the vision-integrated navigaiton system which uses information extracted from
onboard camera images in order to maintain the SBAS-augmented GNSS localization or ILS precision in case of
their possible degradation or failure so that the aircraft can still continue the precision approach procedure. Figure 2
overviews the onboard system architecture with the vision-integrated navigation system. It fuses the navigation sensor
measurements (GNSS or ILS and vision) with IMU acceleration and rate gyro inputs and other sensor measurements
(barometers, inclinometers etc.) to estimate the aircraft 6D pose relative to a runway to land.

The estimator design proposed in this paper is based on the Error-State Kalman Filter (ESKF)[17][18]. In the ESKF
framework, an estimation state vector is decomposed into a nominal state and an error state. The nominal state system
does not include any uncertainty (model error nor noise) and hence the state is propagated deterministically. All the
system uncertainties are included in the error state system, and a linear Kalman Filter (KF) is applied to estimate the
error state. After each KF correction, the measurement-corrected estimated error state is injected to the nominal state
and the estimated error state is reset to zero. This injection and reset operation makes the error state always small and
operating close to the origin, and so the linearization validity of the error state system holds. It is claimed in [18] that
the ESKF performance is more robust than Extended KF to different aircraft maneuvers (i.e. system nonlinearities).
Figure 3 illustrates the ESKF process.

A. Aircraft kinematics model
We base on the formulation presented in [19] for the 6D pose estimation by fusion of IMU and other sensor
measurements (such as GPS). See [19] for definition of the quaternion operators. Let x, be a true state to be estimated.

xo=|X[ V] bo Po af by, M
where X, and V, are position and velocity vectors in a locally-fixed runway frame, g, is a quaternion vector from the

vehicle body frame to the runway frame, Py, be a pressure adjusted to a standard atomosphere at the sea level, b,, and
b, are acceleration and angular rate measurement bias in the vehicle body frame respectively. The runway frame is
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defined as a frame fixed to the runway with its origin at the threshold point, its X-axis aligns with the runway landing
direction and Z-axis vertically downwards. Then its dynamics can be written by

[ Xt ] [ Vt ] Vt
Vt a; R(qt)(aIMU_ba, _Va)+g
b v v
X, = Al = ba - ba )
PO, VP, Vby,
q, %qt®wt %qt®(w1MU—bwt - Vy)
_bw,_ | Vb, | | Vb, |

where a, and w; are the true acceleration and angular rate, a;yy and wrypy are the IMU measurements, g =

T
[0 0 g] is a gravity vector in the runway frame, and v.. represents a zero-mean Gaussian noise.

Let x be a nominal state vector which is defined as follows.
x=|xT vl T Py, ¢ b 3)

It evolves with the following deterministic dynamics.

x| | v [ v
_V R(g)aimu —ba) +g R(q)a+g
5= [P = 0 - Y )
Py 0 0
.iI 14 ® (Wrmu - by) Q0w
1bo | | 0 ] I 0

where defined a = a;py — b, and w = wryu — by,. The true state x, can be decomposed by the nominal state x and
the error state dx.

[X,] [X+R(q)sX] [6X ]
v, V + R(q)6V 8V
b b, +6b &b
xp= |l =] PatOPa | gk 6x =00 (5)
PO, P() + 61)0 5P()
q; q®q(60) 06
b, | | bw+6b,, | 6b,, |

i 16601 . 1601 66" |" N
where 66 is an error angle vector and g(66) = |cos *= sin 5587 |- Then the error state kinematics becomes



linear as below.

-Q I 0 0 0 O] [0 ]
o -Q -1 0 -A O -V,
o O o0 0 0 O Vb
6 X = 6 + @ = F N N 6 + 6
x o 0o o0 o ol v (x,arpyu, wiMU)OX + v (6)
o o0 0 0 -Q -I v,
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where A = [ax] and Q = [wX] are the cross-product skew-symmetric matrices.
The nominal state and error state kinematics (4) and (6) are discretized as

'Xj- —Xj,l +Vj,1AZ‘j+ %(R(qj_l)aj +g)Al‘]2-
v, Vi1 +(R(q;-1)a; + g)At;
X; = baj = baj*l (7)
P()j P()F]
q; g1 ® q(w;AL))
1bw;] | b,
6x]' = eF(xj’aIMUj ’wIMUf )Alféxj_l tv, = eFfA’f(ij_l tv, = q)j6Xj_1 t+v; (8)

where v; ~ N(0, Q; ~ Qyay) is a discretized Gaussian noise.

B. Sensor measurement models

The main sensors used for the aircraft relative state estimation are GNSS or ILS, barometer and vision sensors
(but we can add other sensors such as magnetometer or GNSS-headings, inclinometers, radio-altimeter, etc.). Their
measurements can be modeled as a function of the true state x,.

1. ILS (Instrument Landing System)

ILS is composed of the lateral localizer (LOC) and the vertical glide slope (GS), which provides final approach
guidance information, that is, the deviations of the aircraft flight path from the desired glide course (normally ygs = 3°
glide path). The deviations from the desired glide path can be measured by taking a difference in amplitude of the two
lobes of signals modulated at 90 Hz and 150 Hz, called DDM (Difference in depth of modulation).

Kroc arctan Tcg—lX

_ |DDMpoc| |KrocAb9Loc B @nvGs
ZiLs = = +&s = _z +&Ls
DDMgs KGsAbgs Kgs |arctan WI)( = YGS
AnGs X!
= his(Xo)+€qs

where TCH is a height at the threshold point. K;oc and Kgs are known angular displacement sensitivity.

2. GNSS (Gloabl Navigation Satellite System)
Let AX gnss denote a known GNSS receiver position in the vehicle body frame. Then, the true GNSS receiver
position and velocity are

X: + R(q,)AXGnss
Vi+R(q,) [w:X] AXGnNss

XGnss,

= ﬁGNSS(xt,wt)

VGnss,

For the GNSS loose-coupling, the position and velocity measurements are used and hence

ZGNSs; = honss(xy, wn) + EGnss,



For the GNSS tight-coupling, a set of pseudo-ranges to visible satelittes is used as a measurement. The pseudo-range
to the i-th satellite is modeled as

pPi = ||X21C\/§§l - ngﬁF” +o(t — 1) + &, = dpy (x;) + o(Ty — Ti) + &),
X EXTE F is a known position of the i-th satellite in the ECEF (Earth-Centered Earth-Fixed) frame, c is a light speed, 7

and 7; are the clock bias of the receiver and the i-th satellite respectively. &,, ~ N(0, 0'12] gRrE) is a zero-mean Gaussian
noise which includes errors from different sources such as the satellite clock and ephemeris errors, compensation errors
in ionosphereic and tropospheric signal delays, multi-path effects, etc.]. cyrre (UERE stands for User Equivalent
Range Error) is calculated and provided by the receiver. The receiver clock-bias 7; can be modeled as a 2nd order

random process such as
. 17 0 1
th = . = =
Ve, 0 0

This state can be decomposed of the nominal and error states, x, = X + dx, and has the following kinematics. The
estimation state should be augmented with these for the tight-coupling case.

Ve

0

t Vr

+ Xe +Ve = Frxo, +ve

Vv,

X =Fx;, O0x;=F0x;+v, ©))
Then the measurement model becomes
0i | XECEF _ xECEF
13

onss, ~ Xsar, I +c(m—7)| &
+

Zp = = ilp(xtk) + §Pk

3. Barometer
A barometer gives an atomospheric pressure measurement which is a function of the sensor altitude.

M -
zBARO = Po, exp %(Zt —Zrup)| + éparo = hparo(X:) + éparo

where Zr g p is the runway threshold elevation. M, Ry and Ty are the known constants of the standard atomosphere.

4. Vision sensor

The vision measurement can be 2D such as pixel-coordinates of a point-of-interest or 3D such as relative position
with respect to a point-of-interest in the camera frame. Let AX ¢ and Aq be a known camera position and orientation
in the vehicle body frame. Then the true camera pose in the runway frame is given by

Xc,
qc,

X: + R(q,)AX ¢
q,®Aqc

= hvision(x;)

A point at X, in the runway frame has a position expressed in the camera frame at X ri = R(q*c,)(X p» —Xc,). Then
the pixel coordinates p of this point is defined by

H ]3 }? RN
1 z5 z5

10)
0 0 1

where C is a known camera matrix with focal length fi, ,) and image center pixels c(y,y). Zg{ is an image depth, a
distance to the point-of-interest along the camera optical axis. A camera disparity for a stereo vision system with
baseline B is measured as dp,, = Bfx/ th .

In this work, the image processor is developped to detect the runway features shown in Figure 4 to calculate the

6D pose of the camera in the runway frame(see Section IV.B). pryp, pr g and py are the pixel-coordinates of the
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threshold point, the runway left/right corners and the vanishing point of the two parallel sidelines respectively. The
monocular vision system could use an apriori knowledge on the runway width to resolve the scale ambiguity. For the
vision loose-coupling, we use directly the image-based 6D pose estimation result as a measurement.

zvision = hvision(x:) + Evision

For the tight-coupling, the image processor raw outputs such as the feature point pixel-coordinates and the disparity
measurement are used instead. Their measurement model % in function of the true state can be derived by the pin-hole
camera model (10).

C. Error-State Kalman Filter process

As stated earlier, a linear Kalman filter is applied to the error state estimation from the available sensor measurements.
Let 62; and Pj_ be the predicted estimate and its error covariance. (8) gives a process model, and so the prediction
step in Figure 3 is performed at each IMU measurements update as follows.

6xj

7

D68 (11)

E [ﬁ;&xf] = ;P07 + 0 (12)

It should be noted that, in the ESKF framework, 6)2;. is always zero as 6% ;_ is reset to zero after each correction step.
Hence, only (12) needs to be implemented.
Suppose that a sensor measurement zy is available at r = #; without any delay.

2k = h(x,(te), a; (), w, () + &r (13)

where &, ~ N(0, Ry) is the zero-mean Gaussian measurement noise. Then (13) can be expanded as follows.

2x = h(xgamu.oimu,) + Hxarvu,, wimu)0xi + € + D(xk, arymu,, @ imu, V()
where
D(xs,aipu,wimu) = [‘W’%’T‘WR(%) 0 0 W)%,Ta;,w,) 0] foo < Raarny ba) s
wr=0rMU ~bwy
H(x,aipu, wimu,) = Ohix armu,, wimu,) O(x ©8x)
0x; xi=xp 06x
[Rig,) O 0 0 0 0]
o R(q,) O 0 o O
0] I 0 0] 0]
_ Oh(x;,armu,, wivmu,) 0 0o o0 1 0 0
ox,; xr=xp T
0O 0 00 %[ T 0
QWkI+[qka]
0] 0] o 0 o 1




T
with g = [‘IWk qzk] . Then, the measurement z; can be transformed to a linear measurement to the error state.

Zk = 2k —h(xi armu, wimu,) = He6xp + € + Div(ty) = Hibxg + €, (14)

where Hy, = H(xy, arpu,wimu,) and Dy = D(xg, armu,,wrmu, ). The augmented measurement error follows
Er ~ N, R = R + Di QVD,{). Now a standard linear Kalman filter is applied to update the predicted error state
0%, and its error covariance P, using this measurement Zx. Since ox, =0,

0% = 0%, +Ki(Zx — Hi0x)) = Ki(zx — h(xr, armu, - @rmu, ) (15)
P. = (I-KeH)P;, Ki=PH (HP H +Re)™" (16)

In the ESKF process, after this KF measurement correction step, the error state injection and reset process is

performed. The corrected non-null error state 6X is injected to the nominal state by (5) and the error state is reset to

zero, i.e., xff =X ®O0Xy and 63?,? = 0. As the true state does not change by the injection, the true error state will also

change and hence

Xy, = Xp®O0xg =X (0% +6%y)
= x®0x] =(x; ©6%;) ®6%]

From the definition (5),

[1 - [66,x] 0 o 0 0 0]

0 1-[86x] O 0 0 0

0 0 I 0 0 0
oxd = 8% = G®(6%1)0% 17
h o o o 1 o o| 9%« (6X1)0% K a7

0 0 0 0 I-1[66x] O

0 0 0o 0 0 1]

Therefore, the error covariance Pj should be also reset to

PP =E[6x6%7"| =E [6x26xP" | = G®(624)PLG®" (6%k) (18)

The ESKF procedure is reset with x;f, 62,? =0and PIEB at # and start the new propagation-correction-reset cycle until
the next measurement will be obtained.

D. Error-State Kalman Filter process with time-delayed measurements

The vision-based measurement normally arrives with a non-negligible time delay due to the image processing time,
and this time-delay should be taken into account in the estimator design. In general, acquisition of an image (or a pair
of images for stereo vision) is triggered by a system and hence the time of the image capture is known and can be
notified before the measurement arrives. By using this fact, this paper establishes a framework of the ESKF filter with
time-delayed measurements.

Figure 5 shows the ESKF process timeline with time-delayed measurement. In more general way, let f, be the
time when the i-th measurement z;, becomes available. The time interval k;_; < j < k; between the two successive
measurements corresponds to the (i — 1)-th cycle of ESKF propagation-correction-reset. During this cycle, the nominal
state propagation (7) and the error state prediction step (11, 12) are repeated by using the IMU measurements. Then,
the estimated error state will be corrected at #;; by using the i-th measurement, and it will be injected to the nominal
state. Then the ESKF is reset for the next cycle. Let us denote the nominal state and error state of the (i — 1)-th cycle at
the time ¢; by x;‘l and dx ;.‘1 respectively. The state injection and ESKF reset process gives following relation between

the (i — 1)-th and i-th states, where (‘)’fc;:l is the (i — 1)-th error state updated at #;, with the i-th measurement.

x;, = x=x. @6k’
6%, = 6% =0
ox, = 0%, =0x] =G®(6% 6% =Gy ox, !
P, = PL=GLPLGY



1. Nominal state propagation and Error state prediction
Starting from x; " , the (i — 1)- th nominal state x !'is propagated at each time step t; up to fx, by using (7). Note

that a;. I = aimu; — b’akt_l and wj = wimuy; — bijkli_l. Likewise, the estimated error state will be propagated up to
Ik, -
ki
si-l—  _ i-1| goi-1 i-1 eei-1 _
seit™ = | || of'|ex! =gy s%! =0 (19)
Jj=ki—1+1
oxi! = oxp T =i oxi! + O ly; =D oxi 4+ (20)
ki = ki Tkikio Ok kij Vi kikio1 9% ki ki-
L 1+1
k;
i-1-  _ i-1 pi-lg _ i1 pi-1"
Py, = Q. P @ Z QJ‘D “Dkk 1Pk,- teke s T Okicy 21

-1t

2. Error state correction with delayed measurement

At time fi,;, the i-th measurement z, becomes available. It may have a measurement delay and includes an
information on the true state at #,,, < fx, (See Figure 5). Suppose that the time t,,, is in the /;-th cycle of the ESKF
estimator, i.e., k;, < m; < kj,+1. Similarly to (14), the i-th measurement is given by

2k = hi(x(tw,).a1muv,, - @1mu,,) + &,

12

i L. E
hi(xX),.aimu,, - ©imU,,) + Hi(X),. aimu,, -0, 0%, + &y,

where xﬁj,[ and 6x£f1i are the /;-th nominal and error states at time f,,,. Then, the measurement residual to be used in

the ESKF becomes

I i oLt
Azy, kg — hi(x,;l.,alMUm ,wIMUm ) — Hi(x;,.aimu,, . @1mu,, V0%,

H;6%l + &, = Hio%L + & + Divm, (22)

where 625’,; is the back-propagated /;-th error state at time ¢,,,, calculated from the latest estimate 6)?}:17(= 0). 63?% is
its error. The Kalman filter correction is applied with (22) in order to update the current (i — 1)-th error state estimate.

6% = 6% +Kihzy, = 6] + Ki(H;0%), S+ E) (23)
% = 6:2;;1 - Ki(H;6%," + gki) (24)
The error covariance can be obtained as follows.
Pl = [6 L ox ! ] =P —KHP; - Pr HIK] + Ki(H P H] + R, )K]
GPS

v

correction & reset

correction & reset

IMU measurements  tj,-
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Fig. 5 ESKEF process timeline with delayed measurements



where P,:i m; =B [6x’ - xm

trace of P! is minimized.
:

K; = P{, HI (HPitH +Ri,)™"
Then the error covariance P, becomes

P ! =P U -KHP = P,i:l_ - P,jimiHiT(Hl-Pf,ngiT +R,)'H; P}

. . . . . 1+
So what we need to derive is the covariance and correlation matrices P,':_m_ and Py,
im;

3. Back-propagation

Now we derive 6x . by back-propagation of the current estimated error state 6% ” L

] and P,l,‘: = [6 ”l‘+6xm ] As done in [20], the Kalman gain K; is chosen so that the

(25)

(26)

Figure 6 illustrates this

process. The back- propagatlon and back-injection operations are continued from the current time f, back to the time
of the measurement t,,,. Define the following transition matrix which includes both the propagation and the injection.

n—1

] =) GP ..o © | n>l

/H:l kji1kj G knky - len—l kl+1k1Gk1 ’
Tkt = 1 , n=l
Tk, , n<l

Then, the back-propagated error state estimate becomes

i—1
-1
"li+_®l LU _(Dli E r-! 201
6xm ki v1mi 6xkl,»+1 ki, v1m; knkl,-+16

I’l=l,‘+1

where (‘)’fc;(’_l is the estimated error state updated at 7, , given by

Sx)" = &)1 + Ky(H, 8%l + &, ) = Ku(H,0%0, + &)

The back-propagated estimation error can be derived as

-1
Lt _ gl -1 ciml— A
6xmi - ®k1[+|m-rkikl,~+1 (6 Avki)
where
ki +1 .
Fknkliﬂ ) Z lq)k’li+1jvj > n=1i +1
i _ J=mi+
Avkn - n k/[+| . .
: o ; _ ‘
2 Tk » Vkpi +rkr1kl NI (Dkl,,ﬂjvj = Fknkﬂ—lAvkn—l Vi, > n2Li+2
p=li+2 j=mi+1 i

Now the covariance matrices P;_
1

. -1 - L'
Pmi - (Dkl,«+1’71irkikl,-+l (Pl - AQk + 6Qk + 6Q ) kiky; +1(Dkz,~+1mi
+ — 1~ i

Pkimi - (Pl - AQk + 6Qk ) rk ki;+1 q)k1i+1mi

where P]’:r is the current predicted error covariance, and AQ;; and 6Q§( are defined as follows.

AQ;C"

6Q;(n

E [Av;;n Av}:]

~E [ - avi aviT| = B [spaviT |+ agf,
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. and P,l,'; will be derived. From (30), we obtain the following expressions.

@27

(28)

(29)

(30)

(3D

(32)
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Fig. 6 Back-propagation process timeline with delayed measurements

ki; 41 R . .
Starting from AQ;{I = > (I)Zl 1,.Q ch)le J and 6Q;€I = 0, AQ; and 6Q; can be iterativelly calculated up to
i+ j:m,‘+| i+l i+l i+ n n
n=1iby
AQ = Tiu AQ T{ . +0k,., 33)
60}, = Thuko (0Q%,  +FL ) TE, (34)
where F} L =E 63?2’;2[ Av;;T_ . Define C, = K,H (Dkl o = = K, H,. Then F} , can be obtained as follows.
Flin T C”_lrlznlflkln,ln(Elinf] _6Q;-<n—]) + Kn-1Dn B [Vm Av;Z: 1]
where
. . 0 m; > m,,—
E, = E [(AV}( —Avk 1)Av ] = ; - ! ol
n-1 n— -1 Aan,l - Aan—l m; < My
7 7mi 2 mnfl
E [Vm,,, AV;CT ] = T T
I " an 1 k111|+lmn 1Fkn—1k1n 1+ AN < My

Therefore, for each measurement, we keep updating the matrices AQ‘ , 6Qk and Ik, ., until n = i when the
measurement becomes available. Then the covariance matrices (31, 32) can be calculated and used in the Kalman
filter update process (25, 26).

When the time of the measurement ¢,,, is known (by an image trigger, for example), we can process this back-
propagation forward in time. Figure 7 summarizes this ESKF and "‘forward"’ back-propagation process for the i-th
measurement. At t = t,,, h;, H; and D; can be calculated by using the nominal state xf;;i. At 1,41, we save

_ -1
H; = H,-(Dl" . After each EKF update at 1, , we track
kli+lm1 n

n (n=1)+

e -1 oP l; -1 on—1
= = > .
82y, Z rk,,kli+16xk,, =08 | T, 050 nzlied
p=l[+1

/ + i—1)+
N : .
where 6xk = 0. Then 6% b = 6x 1 is already available at 7, when the measurement arrives. From (31,32)
+1 i+ it

and (25, 265, the Kalman filter update process can be re-written as follows.

Kio= (B - A0y + 00}, ) AT (i (P = AQL, + 00}, + 60 ) AT + R, (35)
B = B Kl (P - Q) + 00)) (36)

where H; = H; l"]; ki and recall Ry, = Ry, + D;Q, D
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Fig.7 ESKEF and Back-propagation process

4. Another method to handle the delayed measurement in ESKF

A conventioal way to handle the delayed measurement in the ESKF is to save all the history of the sensor
measurements (including IMU) from ¢,,, and #,, and re-runs the KF process from ¢,,, to the current time as if the
measurements arrived without delay. This method is often adopted in the robotics applications, and is applicable even
when the time of measurement is not known until the measurement actually arrives. The drawbacks of this approach are
the use of memory for recording all the estimation state and measurement data history, and the redundant computations
corresponding to the KF correction steps with already arrived measurements between t,,, and #;,. The proposed
delayed-measurement ESKF framework has an advantage of eliminating the redundant computation, distributing the
additional computation load at each time step but not at once only when the measurement arrives, and reducing the
need of memory capacity.

5. Functionality validation in simulations

The proposed delayed-measurement ESKF framework is applied to design the vision/GNSS navigation system for
final approach of an aircraft. For the functionality validation purpose, it has been implmented in the 6DoF aircraft
simulator (of the K50 experimental platform, described later in Section IV.A) with basic flight controller, an approach
guidance law and the navigation sensor models. It includes a GPS/SBAS simulation model® of standard 24 satellite
constellation with different failure modes defind in Section II. It simulates pseudo-distance measurements to each
visible satellite by adding errors in function of selected failure (or nominal) mode, and solves for the position in the
geodetic coordinates out of them. For example, Figure 8 compares errors in the simulated GNSS localization solutions
with and without SBAS augmentation. A stereo-vision sensor is also simulated by adding theoretical errors on the
image-detection position of the runway feature points. The camera frequency is set at 10 Hz, and the time delay of 80
msec due to the image processing time is simulated.

The vision-integrated navigation filters with different configurations (loose/tight couplings of GNSSS and vision,
6D pose estimation and 3D position estimation) were implemented in the simulation to fuse all the available sensor
data with simulated GNSS localization degradation. Figure 9 shows an example of the open-loop simulation test
and compares the relative position and velocity estimation performances with and without using the vision-based

provided by a VISION project partner, Electoronic Navigation Reserach Institute, Tokyo, Japan.
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Fig.9 Example of open-loop simulation test results: (left) position and (right) velocity estimation performances
with (in green) and without (in red) using the vision information. Loss of SBAS correction signal is simulated at
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Fig. 10 Example of closed-loop simulation test results: (left) with and (right) without using the vision informa-
tion. Loss of SBAS correction signal is simulated at = 10 (sec)

measurement. In this simulation, a failure of loss of SBAS correction signals which degrades the GNSS localization
precision is simulated to happen at = 10 (sec). This uses the GNSS-tight coupled navigation filter which uses the
GNSS pseudo-range measurements. The estimation performance difference can be seen in the lateral deviation of ¥
position. Without the additional vision information, a jump in the position estimation occurs at ¢ = 10 (sec) when the
failure occurred and the estimation bias remains. This jump in the GNSS position measurement will induce also the
jumps in the velocity and acceleration bias estimates and they take time to be re-converged. The performance in the
altitude estimation are nearly the same thanks to the barometer measurements. Figure 10 shows the same example but
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when closing the approach guidance and flight control loop with the resulting navigation solution with and without
vision. When not using vision (the right figure of Figure 10), the approach guidance law will make the aircraft lateral
maneuver for aligning the deviated Y position estimation at the runway centerline (Y = 0). It results in the centerline
alignment error of the closed-loop trajectory. This miss-alignement can be avoided when using the vision information
in the case of the SBAS loss failure (the left figure). These are the results of the GNSS-tight coupling navigation filter,
but the similar performances were obtained with the loose-coupled filter.

A problem observed in this simulation tests with the vision-based navigation is that the navigaiton solution is
rapidly attracted to the degraded GNSS measurements once the runway goes beyond the camera fielf of view (FoV).
This is seen in the Y position estimate at around ¢ = 12 (sec) on the left figure of Figure 10. This simulation uses
the narrow FoV stereo-vision sensor model from Section IV.B.1, and hence sometimes it looses the runway from the
images. This problem can be solved by augmenting the navigation system with the integrity monitoring function which
detects and excludes the erroneous measurements. It is planned to apply the Aircraft Autonomous Integrity Monitoring
(AAIM)-lile algorithm based on Multiple Solution Separation (MSS) method[15]. A possible way to estimate and
compensate this kind of sudden jumps in the measurement will be also explored in future.

IV. Towards flight validation
As stated in the Introduction, the final goal of this work in the VISION project is to evaluate the proposed vision-
integrated navigation system onboard a real aircraft with real vision sensors and image processors. The two vision
systems have been integrated on the experimental UAV platform and we have started the first flight test campaigns for
the image data recording. The open-loop flight test results of the proposed vision-integrated navigation system will be
expected in the final paper.

A. K50 fixed-wing UAV platform

An experimental platform used for the flight validation of the proposed vision-integrated navigation system is a
fixed-wing UAV called K50-Advanced (Figurel1). It has a fuselage length of 3 m, wingspan of 4 m and maximum
take-oft weight of 60 kg. This platform is manufactured within the VISION project by a Spanish company USOL,
and is featured with its high payload capacity of 100 L and 20 kg that is suitable for flight experiments with different
onbaord systems (avionics, payload computers, cameras, etc.). The K50-Advanced is equipped with the ONERA
in-house flight avioncis with the basic navigation sensors (including GPS/RTK for the reference), and with a payload
computer which serves for the interface between the avionics and other external payload systems and sensors as well as
for hosting the experimental program codes. The two onboard vision systems send the image processor outputs to this
payload computer in which the visio-based navigation system algorithm will be implemented for its flight validation.

Fig. 12 RICOH stereo-vision system
on the K50 platform

Fig. 11 K50 experimental UAV platform
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B. Vision systems

Runways have specific feature points (as already shown in Figure 4) possibly with known world coordinates, which
can be utilized for the navigation prupose during final approach. The main challenges of the image-based runway
feature detection are visibility, calibration, accuracy and the refresh rate which is bounded by the speed of on-board
image processing. The two different vision systems are integrated onbord the K50 aircraft in this work.

1. Stereo vision system

The first vision system is a stereo-vision system, developped by RICOH Co. Ltd., hanged under a belly of the aircraft.
Stereo-based methods have the advantage of eliminating the scale ambiguities that are inherent in monocular systems.
The first prototype of the stereo-vision system (Figure 12) uses a pair of Blackfly 1920x1200 GigE colored cameras
with a narrow field of view of 18x11 degrees for the detection precision. The estimation of relative position to the
runway uses the image position and the disparity information of the center line and the threshold of the runway. The
algorithm applies edge filters by each pixel for extracting the region which includes the center line (a vertical line on
an image) and the threshold line (horizontal line on an image). Then the model fitting method like RANSAC (Random
sample consensus) is applied on the extracted feature pixels in order to detect the lines robustly to the noises. Once
the image position and disparity of both detected lines are validated to be consistent with the predicted relative pose
estimation from the navigaiton filter, then it proceeds to calculate the navigation data.

Two manual flights of K50 have been made so far with this stereo-vision system onbaord and the image and flight
test data were collected. Figure 13 shows examples of the depth map calculated from the real stereo-images of the
runway. For the preliminary validation, the 6D camera pose was estimated from the stereo-calculated disparity on the
recorded image sequence (with manually detected feature points due to a lack of the centerline marking on the tested
site), and compared to the GPS-position and INS-attitude data. The comparison results shown in Figure 14 give an
idea on the image-based 6D pose estimation accuracy (when the runway features are well detected).

Left'
Image

Right
Image

Depth \
Image - . Image

Fig. 13 Examples of depth images on final approach calculated by the stereo-vision systems
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Fig. 14 6D camera pose estimation on the stereo-image data recorded on th K50: (left) position estimation vs.
GPS data, (right) attitude estimation vs. INS data
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2. Monocular vision system

The second vision system is a pair of monocular cameras with complementary specifications proposed by Hungarian
Academy of Sciences. Two Basler GigE 2048x1536 colored cameras are integrated on the K50 UAV (Figure 15); one
with wide 33.5 deg filed of view (FOV) and one with narrow 15 deg FOV. It is beneficial, because narrow view angle
with similar camera resolution yields higher accuracy, however, it is possible that the narrow angle camera temporarily
does not see the runway. Each camera has a dedicated Nvidia Tegra X1 module which consists an NVIDIA Maxwell
GPU with 256 NVIDIA CUDA Cores, Quad-core ARM Cortex-A57 MPCore Processor and 4 GB LPDDR4 Memory.
We applied a Crucial 250 GB mSATA SSD for video data recording.

The on-board processing of images consists the image acquisition and storage, feature detection and tracking,
and navigation data extraction from features. In [21] the authors introduced a simple image processing approach for
FlightGear simulator imagery. The algorithm segments the areas covered by concrete, and performs a masked adaptive
threshold to get the markings on the concrete. The pair of sidelines are detected in the Hough space of the markings
binary map, and than the threshold line is detected. All the three lines are fine-tuned by an oriented-mean method. The
main detected features are the corner points and the vanishing point of the side lines.

Based on the visual features of the runway detected on the image and the known width of the runway (and assuming
parallel sides), the 6D pose can be determined. In our research we examine three possible methods. The 3-point
method [22] utilizes the corner points of the runway threshold and the vanishing point of the two side lines. A general
iterative method for n > 3 points with known world coordinates [23], and a line-based method [24] where the authors
assume that the detection of lines is more robust than that of points. Instead of the 6D pose the visual features can be
also used directly in the navigation (tight-coupling). We investigate both possibilities.

BN,

Fig. 15 Payload computers and the monocular cameras (under wings) on the K50 UAV.

V. Conclusion

This paper presented the vision-integrated navigation system for the aircraft final approach based on the ESKF
framework which incooporates the time delay of the vision-based measurements. It benefits from the image trigger
notice from the vision system to make the forward back-propagation to handle the time-delay directly in the KF process.
The proposed system has been implemented in the simulation with the sensor models (including GNSS/SBAS failure
models), and its functionality to maintain the localization precision in case of sensor degradation so that the aircraft
can continue the approach procedure was validated.

This is the work performed as a part of the H2020 VISION project, and the final goal of the project is to provide the
flight-validated vision-based navigation solution augmented with an integrity monitoring function. Towards the flight
validation, the two different vision systems, stereo- and a pair of monocular- vision systems, have been developped and
integrated on the K50 UAV experiment platform. First flight test campaign with these vision systems have started for
image data recording, and the development and evaluation of the image processing algorithms for runway detection is
ongoing. The proposed navigation system will be implemented onboard the K50 shortly. We plan to include in the
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final paper some open-loop flight test results of the vision-based aircraft pose estimation relative to the runway during
the final approach phase.

In parallel, even in the first simulation validation, we see a strong need of the fault detection and exclusion function
to provide the non-deviated navigation solution in case of possible sensor failures. Future perspectives include the
development of an AAIM function integrated in the navigation system.
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