


1. Tracked vehicle; 2.manganese nodules; 3. mine path

Fig.2 Deep sea vehicle tracking path

Fig.3 Tracked vehicle motion represented in Cartesian Coordinates

Fig. 2 shows our deep-sea mining vehicle tracking a “s”
shape path when it collecting manganese nodules. Fig. 3
shows a tracked vehicle performing a right turn in the
Cartesian coordinate system. In Fig. 3, ¢ is the heading angle,
« is the slip angle, O is the instantaneous center of rotation,
" is the sprocket radius [5]. Also 7 represents the left track
wheel slip, Iz is the right track wheel slip, @; and @r are
the left and right angular velocities of the corresponding
sprockets. The kinematics equation of the vehicle can be
represented by Equation (1) ~ Equation (6) using the notation

i, =1=i; and iy =1=ip,
x = V[cos¢ —singtan o]+ w, (1)

y =V[sin@+cos@tan ]+ w, 2)
Moy i—w, i)

¢

+ W,
B 3)

i, =w, @)

Iy = W Q)
a=w, 6)
In Equation (1) and Equation (2), V' is given as:
_ g i;z+wL l;]

- 2

In Equation (1) ~ Equation (6), W, , w,, W , W, , Ws and

V

(7

W are process noises representing the modeling error.

B.  Measurement equation

For absolute localization of underwater vehicle, sonar
sensor systems such as LBL are needed. LBL systems at least
have three transponders that can reflect the sonic waves from
the vehicle system. When we have time information, the
measurement equation is:

ety = (x=x) +(y-y)* —
Ja=x) + (-’
Cly =\/(x_x2)2 +(y-y3) -
Ja=x) + (-’

®)

where (X0 Y0)s (X1, 31 (X2, ¥2) are the position coordinates
of three transponders exactly measured in advance [6].

1, -1,y are sound transmit time difference, ¢ is sound speed
in water. LBL system can figure out (x , y) with equation (8).

We can obtain the following measurement equation matrix:

100000
H(k)=
010000

)

III. UKF APPROACH

By fusing the measurement data from the sensors, i.e. LBL
sonar localization system, wheel encoders, gyroscopes and
compass in the vehicle, a reliable estimation of the position
and heading of the DTV can be obtained. There are many
stochastic filters available for this purpose in the literature
such as EKF, UKF, etc. As EKF is based on the first order
linearization using the Taylor series expansion, errors in the
estimated parameters may be introduced and therefore may
result in sub-optimal performance and sometimes divergence
of'the filter. Compared with EKF, UKF has many advantages.
First, UKF need not linearize the nonlinear system equation.
Second, it can estimate states more accurately than EKF.
Finally, it can implement more easily than EKF.

A. Standard UKF Approach
Consider a discrete-time nonlinear dynamic system:
X = S (X u,) +wy

Ve =h(x,)+v,

(10)

(11
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n no.
where X¢ € R" is the system state vector; Y« € R is the

output vector; % € R" is the input vector; Wi, Vi are in
correlate zero-mean white noises.
Definition of Standard UKF [7-9]:

(1) Initialization:

X0 :,E[x"] B (12)
P, = E[(x, —x0)(x, -x0)"]
(i1) Time Update:
- [xklxkl +
1= —
v (n + ﬂ’)l)k—l s X1 T (n + ﬂ’)l)k—l (13)
X ¥ =S () (14)
2m
Xg—1 = z WimZi,k\kfl
i=0 (15)
2m - -
Py = Z w; (Zi*,k\k—l = X1 )(Z;,k\k—l - xk\k—l)T +0  (16)
i=0
Xkt > Xt + \/(n + Z)PK\k—l > XKkt
K1 =
- (n + ﬂ’)PK\k—l (17
Vi1 = h(lk|k—1) (18)
2m
Vi1 = Z w'y i klk-1
=0 (19)

. . . . m c
where Q is noise covariance, weights Wi , W; | are calculated
as:

wy =A/(n+A)
wo =Aln+A)+n—a’ + f)
w'=w =0.54/(n+A)

1

(20)
where a determines the spread of the sigma point; B is used to
incorporate prior knowledge of the distribution of x, » is the
dimension of augmented state.

(ii1) Measurement Update:

2n -
P = z wy (%‘,k|k—1 - yk|k71)(7/i,k\k71 - yk\k—l)T
i=0

Y Vi

+R 1)
Ze
2n S * * T
Z W; (Zi,k\k—l - Xk\k—l )(}/i,k\k—l - yk\k—l) +R
i=0 (22)
K, =P P
7 (23)
B = Pk\k—l - Kkuj;KkT 24)

X, =Xy, + Ky e — yk\k—l)

where R is the measurement noise covariance.

(25)

B. In Presence of Measurement Data Delay

In general, the LBL systems give time delayed distance
information which is proportional to the actual distance. UKF
operates in two cases: (i) when measurement information is
available, it does measurement update with corresponding
time state information, and then does localization estimate by
time update; (ii) when no measurement information is
available, it only keeps time update.

Deep-sea  mining  vehicle position measurement
information (x, ) can be obtained from LBL. Since sound
wave transmit in water needs time, real-time position
measurement information is impossible. If the time delay is
d'T seconds for the measurement information, after mining
vehicle send out a enquire signal in k-7 seconds, it can get

measurement information Xx,, and y, until (k+d)-T

seconds. Deep-sea mining vehicle position estimation in
(k+d)-T second is:

Xjpa =X T

Zd: V(ik+i—1)[cosg(k+i—-1)— (26)
= sing(k+i—-1)tana(k +i—1)]

Viva =W T
d V(k+i-1)[sing(k+i-1)+ (27)

,Z:l:cosq)(k +i—-Dtana(k +i—1)]
where X, and ), is the most optimization position estimation.

Then:
AxXy =X g =X

Zd:V(k+i—1)[cos¢(k+i—1)— (28)
S'sing(k+i—1)tano(k +i—1)]

AVy = Viea = Vi
4 V(k+i-1)[sing(k+i—1)+ (29)

;cos¢(k+i—1)tana(k+i—1)]
Based on the measurement values X, , V,,, in kT seconds
and the estimation values X, and ¥, , we can get the most

optimization position estimation )Ac(k | k) and ;(k | k) in kT
seconds, then the most optimization position estimation in
(k+d)-T seconds is:

Y(k+d | k)= x(k | k)+Ax, (30)
y(k+d|k)=y(k|k)+Ay, G
where X and y freshen once every d-T seconds, the other

variable freshen once every T  seconds.

C. Adaptive UKF Approach

In this paper, the adaptive estimation of the sliding
parameters noises is considered. Most innovation-based
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adaptive filter methods are to minimize the time-averaged
innovation covariance. However, with this criterion we may

obtain a minimum "true"

innovation covariance, but this

covariance could be completely different from the one

computed by the filter.

To handle sliding parameters noises of deep-sea mining
vehicle, and get fast convergence, according to literature [9],
a recursive algorithm to minimize difference between the
filter-computed and the actual innovation covariance is
formulated. The traditional MIT rule is used in this paper as
the adaptive law. With the MIT rule, the parameter can be
adjusted in the negative gradient direction of the criterion

function, and leads to the following recursive scheme:

m m aV
9y =9 =1 ~dt

dq;’
where:
v, 0AS;
tr(AS})]=tr
S amu N=irG )
_t( 8AS
k
We can get:
aAik _ aAik (s, _§k)= as,”‘z aSm
an a% aq dgq

The first term of (34) can be obtained as follows:

as, 1 Zk: (avk T, ka
k

m ~ A7 m V m )
aqk N i 361k a
a;k\k—l - T
B i (- 9" (e — yk\k—l)k -
- N T a
y
(s y Klk— 1) k‘k l )

k

and the second term of (34) can be obtained:

Ay, _
_ k-1 _ T
a§k o ( 9" (Visar = Vs Dk
dq;' - =0 a_T
" y
(D yk\k 1) o 1)
K

(32)

(33)

(34)

(35)

(36)

To implement (35) and (36) 9Vixa /94y is required. Using
the standard UKF, we can get the recursive algorithm of

0V 1 04} g following:

1) Initialization:

dxo —0
g
op, _
dg;’
2) Time Update:

(37

(3%

aZik 1 aXk 1 +/1 \/ _
aqm k a m l
Ji=1,....n
i axk it ). \/
Ry =)
an
Ji= n+1,...,2n
aZi*,k\k—l _ ai ‘aZi,k—l
o oqrl.,  oq
aZz OL ikt

a)_&'k\k | i
dg; = 9q)
% — a}k‘k_l (/Y* - }k\k—l )[
. a;  9q; )
k-1 _ Z we
m ! * - ’
8qk i=0 . (Z* ;k‘k 8;(,.),{‘,{,1 ax;(\k 1
i klk— - -1 m m
Klk—1 d q! aq

;99
a‘h
aZ;:klk 1 axklk 1 +ﬂ, \/7 n
g} ’
oy’ ‘/
}g’q",‘jl —ax"‘“ ﬁ( e ,f,l),,z_n+1, 2n
iwwr _ Oh \ i
dg;  9q|_, 94

ayk\k—l _ i W a}/i,k\k—l
dq; pr Jq;

3) Measurement Update:
aZ[,ch—l B a;Ck\k—l (7/ _;} )’
m ” i k-1~ Y k-1
aPT; - aqk aqk
e 2w BN
x =0 (;{ - a%‘,k\k—l dy K1
+ Wi ket — Xkik-1 o p
dq;, dq;;
a}/i,k\k—l _ dy Kk (}/ _ ; )‘
E— p ikk-1 Y k1
ani 2 aqk aqk
ahfjk = szc T
% = + (}/ —Jj a%‘,k\k—l _ dy k-1
k-1 Y ki1 " "
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(39)

(40)

(41)

(42)

(43)

(44)

(45)

(46)

(47

(43)

(49)



Vi Vi — ;L Vi Vi ;L
aq;" Vi Yk aqm ViV (50)
E)K k — apxl ;17 _p ;17 aPJl ;17
aqk aq;” Vi Yk YeYe ViVk a(/]: Vi Vi (5 . )
E)Pk aPk|k_1 oK LopT (aP;; ,
o dq7 dgi T ogy (52)
K Qv 0K, o
ax: — anIifn 1 + a ’/:l (yk _yW?l ) _Kk k\;—l
aq;; aq;, dg;, aq; 53)

IV. SIMULATION RESULTS

Mineral collecting width is about 12-13 meters. In the first

simulation trial, the standard deviations of W, , W and
W, keep changing during simulation experiment. The
standard deviations of w,, W, and W, are supposed as two

compositions: G, land am-sin(fi-t). G, is related to vehicle

velocity, external force act on vehicle, sea-bed soil mechanics
properties, etc; am and fi- are coefficients related to

amplitude and frequency of vibration caused by a pipe
between mining vehicle and mining boat. # is the driving time
of the mining vehicle. Fig. 4 anf Fig. 5 show the trajectories of
deep-sea mining vehicle tracking a “s” shape path, where the
solid line is the true path of the DTV, “*”line is measurement
path, “X” line is normal UKF estimated path, “O”line is the
path estimated by AUKF. AUKF adapt standard deviations

change of W,,w; and W, very well.

#  rmeasurement
A0+ true
o ALKF
LIF
35+
30+
=St
o
20+
T ¥
15 !
L M
e+
*
10
21 i . . ; i i i

Fig.4 The standard deviations of W, , Wy and W, keep changing

x position errar(m)

| | 1 | | |
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points

Fig.5 The contrasting position error between AUKF and UKF

+  measurement
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Fig.6 The standard deviations of W, , W5 and W change abruptly

In another simulation trial, the deep-sea mining vehicle

tracking a “‘s” shape path, the standard deviations of W, , W

and W, are assumed as a constant that is three times bigger

than it follows the line part when the DTV follows the arc
part. The results are shown in Fig. 6 and Fig. 7, where the
solid line is the true path of the DTV, “*”line is the
measurement path, “X”line is the normal UKF estimated
path, “O”line is the path estimated by AUKF. DTV starts at
(10, 10) point ,at the first part of the path, AUKF and UKF
have the same accuracy. At the arc part of the path, AUKF
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adapt abrupt standard deviations change of w,,w; and W,

very well, at the second and the third line parts of the path,
AUKEF has a better initial value (x, y) than UKF, so AUKF

has a better accuracy than UKF.

i

——UKF
——AUKF
18

» position error(m)

| | | | | |
0 a0 100 150 200 20 00 0

points

¥ position emor(m)

2 1 1 1 1 | 1 |
1] il 100 150 200 250 ] 380
points.

Fig.7 The contrasting position error between AUKF and UKF

V. CONCLUSION

Normally deep-sea mining vehicles are designed to move
on sea-bed autonomously with high localization accuracy, so
as to ensure high efficient operation. But the LBL based sonar
localization system of deep-sea mining vehicles has poor
accuracy and big data delay, and the accuracy of DR is
seriously affected by vehicle slippage. Simulation results
prove that LBL/DR integrated navigation provide many
complimentary characteristics that overcome the limitations
experienced when using each sensor individually.

As the sea-bed is very soft, this paper introduces a
kinematic model of a mining vehicle with sliding parameters,
and its sliding parameters noises model. To handle the
statistics features changing of sliding parameters noises, the
traditional MIT rule is used in this paper as an adaptive law
with which the parameters can be adjusted in the negative
gradient direction of the criterion function. Taking into
account the influence of measurement data delay, Kalman
filters fuse LBL and DR data to obtain the localization
estimate of the deep-sea mining vehicle. Simulation results
prove that AUKF can deal with the changing statistics
features of sliding parameters noises very well, and has better
localization estimation of the sea-bed mining vehicle than a

normal UKF.

As the simplification of analysis models, and the
complexity of true sliding parameters noises in deep-sea
condition, the effectiveness of the adaptive method is to be
confirmed at the next ocean mining trial.
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