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1 Introduction

1.1 Motivation

Time Section of Bureau International des Poids et Mesures (BIPM) is responsible for cal-
culation of the legal time reference, Universal Coordinated Time (UTC). UTC is calculated
in post-processing as a weighted average of more than 200 precise atomic clocks operated
in time laboratories all over the world. These laboratories maintain also real-time repre-
sentations of UTC which are designated UTC(k). According to BIPM recommendations,
UTC(k) timescales should be maintained within +/- 100ns from UTC. In practice, the

offset of a few tens of nanoseconds is desired.

German Aerospace Center (DLR) maintains since more than 20 years an experimental
time laboratory in Oberpfaffenhofen. Presently it operates two active and three passive
hydrogen masers, three Caesium frequency standards and modern clock measurement
equipment. The DLR time laboratory also contributes to UTC and maintains its own UTC
version, UTC(DLR). Recently, the laboratory became the responsibility for generation of
the reference timescale for German Galileo Test Environment (GATE) in Berchtesgaden

(Bavarian Alps).

The objective of GATE is to enable early tests of Galileo receivers and applications. It
includes 6 terrestrial transmitter broadcasting Galileo-like signals. Each transmitter is
equipped with a commercial Rubidium frequency standard. All these standards will be
synchronized to GATE System Time (GAST) as produced in the DLR time laboratory.
According to GATE requirements, GAST shall be accurately synchronized to UTC. To
enable this synchronization, GAST will closely linked to UTC(DLR) with the residual

offset at the nanosecond level.

In the past few years, UTC(DLR) has demonstrated a good agreement with UTC, the

offset between these two timescales has never exceed the value recommended by BIPM.



1 Introduction

The purpose of this thesis is to further improve the accuracy of UTC(DLR) with respect

to UTC by implementing advanced monitoring and steering techniques.

Since due to the nature of UTC it is available only de-facto with the delay of up to 6 weeks,
it has been decided to steer UTC(DLR) to one of the world-best UTC representations
- UTC(PTB). This timescale is produced by Physikalische-Technische Bundesanstalt in

Braunschweig, the German national time laboratory.

The time offset between UTC(PTB) and UTC(DLR) is continuously measured using the
so-called GPS Common View. Common View is a time synchronization technique which
relies on differencing of GPS measurements simultaneously taken at remote locations with
the same satellite. The GPS receivers utilized for Common View are specially modified to

enable synchronization to an external clock.

"t

Braunschweig DLR

Figure 1.1: Making use of GPS time Transfer

The first task of this work is to investigate an appropriate technique to steer UTC(DLR)
in such a way that its offset to UTC(PTB) will be kept as close to zero as possible. The
second task is to implement the selected steering technique in a prototype steering software
capable of working with real measurement data and interfacing dedicated clock steering

equipment of the DLR time laboratory.



1.2 Outline of thesis

1.2 OQOutline of thesis

The outline of the thesis is described as follows: In chapter 2 the related theoretical fun-
damentals are presented. In chapter 3 serval cases are studied to present some features of
Kalman filter. Comparison of Kalman filter steering and INPL steering followed in chapter
4 to show the advantages of the Kalman-LQG method. In chapter 5 the implementation

is described. Finally, my papers summarize in chapter 6.



2 Theoretical Fundamentals

In this chapter, we describe the theory of two methods used for clock steering - the Kalman

filter and a method from the INPL, the National Physical Laboratory of Israel.

After introducing the system model of the Kalman filter, we deduce the fundamental prop-
erties of the Kalman filter including the Kalman gain and an estimate of the predicted
covariance matrix. The state of our Kalman filter contains the time difference measure-
ments. The fundamental trade-off between a small steering effort and minimum time offset

is described.

The approach from the INPL is also a recursive method based on a simple measurement

equation without any matrix inversion.

2.1 Kalman Filter

Preliminary work has been done by Thorvald N. Thiele and P. Swerling and was extended
to the well-known Kalman filter by Rudolf E. Kalman. This recursive filter estimates a

state vector of a time-discrete linear dynamic system.

The underlying system model is described by an observation and a state space equation.
The observation equation comprises the mapping of the state vector to the measurements.
The state space equation characterizes the relationship between the state of the previous
and current epoch. Consequently, linear dynamics are modelled by the state space which
occurs in both equations. The traditional Kalman filter operates in time domain and,
thus, differs from frequency domain filtering. The application of the Kalman filter requires

precise knowledge of the underlying noise processes for both measurements and state space.

10



2.1 Kalman Filter

2.1.1 General Form of Kalman Filter

The general model of the Kalman filter is given by

where

X=X 1 +TWi_4 (2.1)

X} system state vector at time ¢,

¢: state transition matrix

I': system noise drive matrix

Wi: process noise vector which is assumed to be drawn from a zero mean multi-

dimensional normal distribution with variance Q:

Wi~ N(0,Q) (2.2)
EMWw,w = { (C]Q’ z;z (2.3)

The observation(measurement) Zj, of the true state X is made according to:

where

Zi,=H - X +V (2.4)

H': observation model which map the true state space into the observed space

Vi: observation noise with zero mean and variance R: Vj, ~ N (0, R).

R, 1=k
BV =4 (2.5)
0, i1#k
The general form of Kalman Filter can be written as:
Predict:
Xk/k—l =¢- Xp (2.6)
Pyjk—1 = ¢Py1¢” +TQIT (2.7)
Update:
K = Pyy1H' (HPyy_1H" + R)™ (2.8)

IX ~ N(p,0?) indicates that the variable X has the mean of x4 and variance of o2
"E(X) here indicates the mean value of variable X

11



2 Theoretical Fundamentals

Xi = Xpjpor + K(Zr — HX} jj—1) (2.9)

Py=(1—-KH)Py_1(1 - KH)" + KRK" (2.10)

where K: Kalman gain
X k/k—1: one-step-ahead prediction
Py /r—1: one-step-ahead prediction error covariance

P estimation error covariance

A follow chart of the Kalman filter for the ky, step is shown in Figure 2.1

X(0) POy

\ \
=] =1
Kl =2 k+1
v
/ ] ] ;s T N
X1 = ¢ Xi—1 Pyjp1 = ¢F 19 +TQT
W

K =Py HT (HPyy HT + R)™!

Xi=Xajpe—1+ K(Z ."1'.\1;3.-;‘_1} Py =(1-KH)Pg;_4(1 h'if_lT + KRKT

X Py

Figure 2.1: Kalman filter flow chart

12



2.1 Kalman Filter

2.1.2 Direct Proof of Kalman Filter [26]

The Kalman filter is a set of mathematical equations. In the following sections the pre-
dicted estimate covariance Py /5,1, one step ahead prediction X k/k—1, status estimate X (k),

updated estimate covariance Py and the Kalman gain K (2.6 - 2.10) are deduced.

2.1.2.1 One Step Ahead Prediction X} ;_;

One Step Ahead Prediction is to estimate the status of kth step at the time of (k — 1)th
step. It also means to estimate the X} for least variance according to the measurement
1322y ey 1.

Xk/k—l = FE[Xy|Z1Zy - -+ Z_1] = E[(¢Xg—1 + TWx_1)|Z1Z2 - - - Zj_1] (2.11)
The symbol E[X|Z1Z, - - - Zk] here means estimating X from historical measurements
Zla ZQ? T Zk‘

Because of the linearity of the Least Variance Estimation,

Xijh1 = OE(Xk1|Z1Zs -+ Zi1)| + TEWi 1| Z12Zs - - - Zi1) (2.12)

It’s known from Equation (2.1) that Wj_; only affect Xj. So Wy_1 is not correlated with
Zla ZZ? ) Zk‘—l' And E[Wk‘—l] =0.

EWi_1|Z1Zs -+ Zx_1] =0 (2.13)
And
ElXy 12122 Zp—1] = Xp—1 (2.14)
So equation 2.6 is obtained:
Xijro1 = 6Xp1 (2.15)

13



2 Theoretical Fundamentals

2.1.2.2 Status Estimate

If use one-step-ahead prediction as the system state, it will cause an error:

Xijro1 = X — Xpjro (2.16)

where X represents the estimate and X describes the estimation error.

Then the estimated measurement would be:

Zypp-1 = HXp (2.17)

The error between estimate and the real measurement is:

Zyppr = Z — Zyjpoy = HXpo+ Vi — HXp o = HXpjp1 + Vi (2.18)

4 k/k—1 contains the information of error X k/k—1, if a proper weighting is applied to correct

X, /k—1, the system status estimate X}, can be acquired.

Suppose K is the optimal weight:

X = Xpjp1+K Zy g1 = Xppo1 + K (Zu—Zyjp—1) = Xpyp1+ K(Z—HX 1) (2.19)

2.1.2.3 Updated Estimate Covariance P

The definition of estimation error covariance is:

Py = Eleyef] = B[(X) — Xp) (X5 — X3)"] (2.20)

Substitute 2.9 into 2.20:

Py = E{[(Xy, — Xyjh-1) — K(Zk = HX )| [(X5 — Xppo1) — K(Ze = HX )"}
= B{[(Xk — Xk/k 1) — K(HXp + Vi — HXk/kq)][(Xk - Xk/kq) — K(HXy + Vi — HXk/kfl)]T}
= E{[(X) — Xk/k 1) = KH(Xy, — Xy p-1) — KVi][(X — Xpppo1) — KH(Xy, — Xy 1) — KVi]T}
= B{[(1 - KH)(Xy — Xg/p—1) — KVi][(1 = KH)(X), — Xp/5-1) — KVi]"}

14



2.1 Kalman Filter

Because X — Xk/k_l is uncorrelated with Vi , (AB)T = BT AT and E[V;V/!] = R:

Py = B{[(1 = KH)(Xx — Xppo1)(Xi — Xppp1)" (1 = KH)" + KViVI KT}
=(1—-KH)Py/p_1(1- KH)" + KRK"

2.1.2.4 Kalman Gain K

The estimation of the Kalman filter comes both from the estimation which is based on
the earlier steps and the measurement of the current step. Kalman gain K is the optimal

weighting between these two parts to minimize the estimate error.

Py=(1—KH)Py_1(1 - KH)" + KRK"
= (Pyjy—1 — KHPyy_1)(1 - KH)" + KRK"
= Pyp1— KHPyyy — Pojp H' K" + KHPy ) H' K" + KRK”

According to the theorem of matrix calculus[10]:

854AB =BT (A B must be square) (2.21)
OAC AT .
94 = 2AC (C must be symmetric) (2.22)

and proceed to differentiate the P, with respect to K.

OPy
T —(HPyjj—1)" = Py H" + 2KHPy ) 1 H" +2KR
=Pl H' = Pyt H' +2KHPy ) H" +2KR

(2.23)
According to the following two properties of the symmetric matrix:
If X is a symmetric matrix, so is AX AT for any matrix A. [APP. A]

If A and B are both symmetric, so is A+B. [23]

and because Py /1 = ¢P,_1¢7 +TQIT (2.7), Py /k—1 is a symmetric matrix.

Therefore the equation (2.23) can be rewritten as:

15



2 Theoretical Fundamentals

0P

a5 = 2Pl HY) + 2K (HP ) HT + R) (2.24)

The optimal gain for Kalman filter is given from the following equation:
K =Pl (H (HPy_1H" +R)™' (2.25)

2.1.2.5 Predicted Estimate Covariance P/,

The one-step-ahead prediction error covariance is defined as:

Po—1= E[ek/k—leg/k—l] = E[(Xk — Xpsp-1) (X — Xiyp-1)"] (2.26)

Substitute (2.6) into (2.26) and using equation (2.1):

Pijp—1 = E[(¢Xp—1 + TWyo1 — ¢+ X 1) (¢ Xpm1 + TWioq — ¢+ Xjpoy)]
= B{[¢(Xp-1 — Xp—1) + TWi1][8(Xpo1 — Xpo1) + TWy1]T}
= B[(pex—1 + T Wi_1)(per—1 + TWy_1)"]
= ¢ Elej_rel )¢ —TWiel o7 — ¢er_WETT +T E[W, W TT
e = =0 )

= ¢P_1¢” +TQIT

16



2.2 Linear Quadratic Gaussian Technique (LQG)

2.2 Linear Quadratic Gaussian Technique (LQG)

Steering policy affects the stability and accuracy of the time. Hard steering, which means
to steer the time as close as possible to the reference time, will reduce the stability. Soft
steering will result a smoother time output. But at the same time it reduces the short
term accuracy. So the target is to find an acceptable trade off between the short term

accuracy and the stability.

2.2.1 LQG for smoothed output

LQG is a method of designing feed back control laws of linear system with additive Gaus-
sian noise processes that minimize a given quadratic cost function. To get the better

system stability, Linear Quadratic optimal control is chosen as the control strategy.

The discrete time system is described as:

z(t+ 1) = Azx(t) + Bu(t) (2.27)

where wu; is the control element.

Since a large u can drive x fast to zero [5], we want to choose u(t) so that

T, is 'small’, this means we get the the good regulation or control

Uy, is ’small’, this means using small input effort

To make sure the steering and the offset are both minimized, the quadratic cost function
Jy is defined as[12] [18]:

N—-1
J(U) = [2(1)"Qx(r) + u(r)" Ru(r)] + =(N)TQsx(N) (2.28)

7=0
where state cost: Q = QT > 0, final state cost: Qr = Q? > 0, input matrices:R = RT > 0.

Q, R set relative weights of state deviation and input usage and are assumed independent

of 7.

17



2 Theoretical Fundamentals

LQG problem: In order to help give the linear approximation validity, the control vector

Ugpt (1) is chosen such that the quadratic cost function J(U) is minimized.

2.2.2 Dynamic Programming Solution

To find the optimal uy for the cost function Ji7, one needs to calculate the Jy;. But it’s a
recursive process. The solutions for this kind of problems are very natural but also very
inefficient, because many identical recursive processes are repeat during the computation.
[6] Dynamic programming solution gives an efficient, recursive method to solve LQR least-
squares problem/[5]. This method first breaks the problem into smaller subproblems, then

solve the problems recursively. [20]

For t=0,1,...N define the value function V; : R by

N-1
Vi) =, min 3T (e Qa(r) + u(r) Bu(r)] + 2(N) Qpr(N)  (2:20)

where V;(z) is the minimum LQR cost starting from state xz(¢) at time t

Let z(t) = 2z, x(t + 1) = Axz(t) + Bu(t)

Because V; is quadratic, Vi(z) = 2T Pz, and P, = PT >0

Dynamic programming usually takes one of two approaches: Top-down approach or Bottom-
up approach. In this case Top-down approach is chosen. P, can be found recursively,

working backward from ¢t = N
By final state cost: Vi (2) = 27 Pyz where Py = Qf

Vit1(2) is the minimum cost starting from state ¢ + 1. So if starting from state ¢, the cost

is:

18



2.2 Linear Quadratic Gaussian Technique (LQG)

Vi(z) = min(27 Qz + w! Rw + Vi1 (Az + Bw)) (2.30)
Because Vi (z) = 2T Py z where Py = Q , starting the Top-down approach:
Vin_1(2) = 27 Qz + min(w? Rw + (Az + Bw)? Py(Az + Bw)) (2.31)
The optimal control can be found by differentiating Viy_1 with w:

2wl R+ 2(Az + Bw)TPyB =0 (2.32)

So optimal control w* is:

w* = —(R+ BTPyB)"'BT Py Az (2.33)

and bring w* back to equation 2.31:

Vn-1(2) = 27 Qz + w*T Rw* + (A2 + Bw*)T Py(Az + Buw*)
=:27(Q+ATPyA— ATPyB(R+ B"PyB)'BTPyA)z

Because Viy_1 is also quadratic: Vy_1(z) = 27 Py_12

Py 1=Q+ ATPyA— ATPyB(R+ B"PyB)'BTPyA (2.34)

This recursion works as well for all t:

P 1=Q+ATPA-ATPB(R+ BTP,B)"'BTPA (2.35)

With equation 2.35 Py, Pi,--- , Py can all be found by recursion backward in time. This

is so called Ricatti recursion[5].

The optimal control for the given cost function is give by the linear equation:
u(k) = =Gz (k) (2.36)

where the gain:

19



2 Theoretical Fundamentals

G:=—(R+BTPB)'BTPRA (2.37)

and P; is the solution of the equation 2.35

20



2.3 INPL Steering Algorithm

2.3 INPL Steering Algorithm

2.3.1 Description

The National Physical Laboratory of Israel (INPL) together with Time and Frequency
Limited (TFL) and National Bureau of Standards of USA (NBS has been reorganized into
National Institute of Standards(NIST)) has built a software clock to be used as the Israel
national time base, UTC(INPL). The software clock is based on several commercial Cs
clocks (Hewllet Packard-HP and TFL) whose outputs are routed sequentially through a
TFL programmed switch into a time interval counter. The phase differences are processed
in a personal computer using a procedure adopted from NBS to generate the software
clock. The system also has an input from a Common View GPS receiver for time com-

parisons. Steering of the software clock is possible from the PC keyboard. [3]

Masrter
Enzemble
< " = o2 »
| 1 L Tl Tune
niterval
- comnfer
HP-53708

A J

L

- & - h
T > Switch

Contiol
Switch 1 - L 1M

Splitters

Clocks
neler test —

Grapluc
Prinfes

L 4

L 4

Software Clock
Switch

]

Figure 2.2: Block Diagram of the Software Clock System
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2 Theoretical Fundamentals

2.3.2 Averaged Output

The software clock is generated from averaging all clocks connected to the system. The

weights of the each clock are calculated dynamically.

Dynamic weighting is defined as:

E(t +T1) = [SSD(t) + Nr + E(t)]/ (N, + 1) (2.38)

W(T +Ty) =k/E(t+T) (2.39)

where T7: the time between iterations chosen in the present procedure to be 24 hours,
SSD: the squared second(the unit of time) difference of each clock from the
software clock,
E: the filtered squared second(the unit of time) difference,
W: the weight to be used in the next iteration,
k: a dynamic normalization factor which keeps the sum of all W’s equal to 1 and

N,: the weight of exponential filter.

Expanding equation (2.38) :

SSD(t) + Nr * E(t)

Et+T) = TN, (2.40)
Bt +2T)) = SSD(t—l—Tli——i—’—]]\\;r*E(t—i-Tl)
" (2.41)
_ SSD(t+Ty) Nr
= T+ N, (1+NT)2(SSD(t)+NT*E(t))
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2.3 INPL Steering Algorithm

_ SSD(t+2T1) + Nr = E(t + 2T1)

E(t +3T1) = "
_ SSll)(j}LVle) b f’]"\[r (SiiDjsftr) i iVZ“VT)Z (SSD(t) + Nr * E(t))>
= (1+1NT)15‘SD(t +2Ty) + ﬂ‘iVJTWSSD(t + 1) + %SSD@)
+ %E(t)
(2.42)
E(t+n-T) = k; MSSD@ (n—k)T)| + (1 f;"v)n E(t)  (2.43)

Equation 2.43 shows the weights that each SSD measurement contributes to the clock

weight for the next iteration.

Once the offsets Y;, from the software clock are computed[9], they are exponentially fil-
tered with a dynamic time constant, M;, which is related to the time interval for which

Allan variance is minimum.[3]

where Yj, and X, are the next predicted values of the frequency offset and

phase respectively of the i*" clock.

}A/io(t + Tl) = [Yvio(t + Tl) + Mi * f/w(t)]/(Ml + 1) (2'44)
Xio(t +T1) = Xo(t) + Yio(t) * T (2.45)

where X, is the final phase difference from the software clock.

Xip = Z Wt — Th) * [Xjo(t) — Xi(t)] (2.46)
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2 Theoretical Fundamentals

2.3.3 Steering

The task of the steering control loop is to keep the system steered phase and fequency as

close as possible to UTC. The steering form in the reference [3] is:

Yi(t+T) ={m =« Ys(t) — [Xsute(t) = Xsute(t = T)|/T} x (m+ 1) = 1% Xguue/T  (2.47)

In the steered system, X, the phase of clock i with respect to UTC is:

Xutc = Xiutc - Xz - Xos

Xis = Xio + Xos

And it is mentioned that the equation corresponds to a exponential filter.

that has the form of:

Fk+1)={mxF(k)+G(k)}/(m+1)

where Fj is the ky, state of the exponential filter.

G, is the kg, update to the system

(2.48)

(2.49)

A filter like

(2.50)

To make Eq. 2.47 consistent with [9] and [24], it should be slightly rewritten as:

Yot +T) = {m+ Ya(t) + [Xoute(t) — Xsute(t — TV/T}/(m+1) + 1% Xowre/T  (2.51)

where X, is the steering phase added to the software phase.
Xsute 1s the steered output with respect to UTC.
Y is the changing rate of the X,.
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2.4 Moving average

2.4 Moving average

Moving average is a common method to smooth out the short term fluctuations in stochas-
tic processes. It’s also applied to analyse the stock prices, returns or trading volumes.
Moving average means one family of similar statistical techniques. Most commonly used
moving average methods are: Single Moving Average (SMA), Weighted Moving Average
(WMA) and Exponential Moving Average (EMA). [22]

Single Moving Average:

PPt tpn

SMA = (2.52)
n
Weighted Moving Average:
-1 R,
WMA — npr+ (n—Lps+ - +2pp1+pn (2.53)
n+n—-1)+---+2+1
Exponential Moving Average:
_ —q)2 — a3y

A Lt (1—a)pe+ (1 —a)ps+ (1 —a)’ps (2.5

I+(1—-a)+(1-a)2+1—a)3+---

0.06

0048
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Figure 2.3: The weights of Moving average for 25 values SMA (left), WMA (middle) and
EMA (right)
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2 Theoretical Fundamentals

2.5 Allan Variance

Allan Variance is named after David W.Allan and describes the stability of a frequency
source or oscillator. The main benefits of the Allan Variance compared to the classical
standard deviation is its convergence properties. For such noise types as flicker frequency
noise or frequency random walk, an infinite standard deviation still corresponds to a finite
Allan deviation. Allan Variance is used to describe both short and long term properties

of the clock.

If there are M samples all together,the Allan Variance is defined as[8] [19]:

737 = 5Bk — i) (2.59)

Parameterizing the time interval 7 = n7q yields the fractional frequency:

T — Xk T — Xk
T nTo

Y =

The Allan Variance can be rewritten as[25]:

M—2n
1 1
03(7) = S E{(whszn — 2pn + 1)’} = 3720 — o) ; (Thton = 20 + 28)" (257)

This is most commonly used form, because it can be calculated directly from the time

difference samples.

Allan Variance depends on the time between samples and plotted in double logarithmic
scale as a function of the time interval. Allan Variance describes the stability of the clock
whereas a lower Allan Variance results on an increased stability. In the clock metrology,
Allan Deviation o, (7)(square root of Allan Variance) is typically used for clock character-

isation.
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2.6 System noise model of Kalman Filter

2.6 System noise model of Kalman Filter

The system noise and measurement noise (Q and R) are both important parameters for
Kalman filter. These 2 parameters directly effect the filtering effect. The measurement
noise depends on the accuracy of the sensors and the measurement equipments. The sys-
tem noise model in the ”clock” case depends on the type of the noise source. For example:
white noise, flicker noise, random walk noise [9]. Modeling of flicker frequency noise is
especially complicated. There are some ways to cope with this problem such as: Adaptive

Kalman filter or manually input base on the experience and filter performance.

Adaptive Kalman filter updates the error variance Q and R automatically during the
operation. A more precise model of Q and R might result in a lower Allan Variance of
the filter output. Adaptive Kalman filter acquires the system and measurement noise
information from the measurements themselves. The filtering residuals contain the in-
formation of the Q and R. References [7] [13] and [16] present several realizations of the
adaptive Kalman filter. Because of the limit of time, in this diploma work the adaptive

Kalman filter is not implemented. Another way of acquiring system noise model is applied.
In reference [2] a method to determine the parameters of Q for a 2 states model is described.
The clock states are

x(t)
X(t) =
g [ y(t) ]

The system noise model is a covariance of the time and frequency error, and is defined as:

11 ql12 o2 +o2  +o2 Rayo + Ray_, + R
Q= | = OOV ) = | T e T e T B s
q21 q22 Rayo + Boy o + Ray , 0y + 0y +0y
(2.58)
where The variances 0%0,0371,0272 describe the variances of different types of phase

2

yo,az_ 1,05_2 describe the variances of different types of frequency

noise, and o

noise.
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2 Theoretical Fundamentals

The noise spectral density is converted to a single-sided spectral density of fractional

frequency and modeled according to [4][14][17] as:

Sy(f) = haf? +hif +ho+h_1/f+h_o/f? << fn (2.59)

where f; - f, defines the considered measurement system noise band width through low- and
high-frequency cutoffs, and where the h, coefficients represent the following processes:
hs - white phase noise
h1 - flicker phase noise
ho - white frequency noise
h_; - flicker frequency noise

h_o - random walk frequency noise

These h’s are associated with the Allan Variance [11]:

Sy(f) oy (T)
ho f? ha f /4272
hif | ha1[1.04 + 3in(2n fr)]/4m?7?
ho ho /2T
hoif~t 2h_1In(2)
h_of™2 2m2h_o7/3

Table 2.1: Correspondence between the various noise components perturbing an oscillator

and the Allan Variance of the normalized frequency fluctuations

To get the description of other types of noise from the Allan Variance, it is necessary to
relate the other noise types to Gaussian white noise. The spectral density of the white
noise is a constant, in this case hg. The other spectral densities can be related to a white

noise spectral density by:

Sz(w) = |H(jw)[*Sw (w) (2.60)

where Sy (w) is the spectral density of the white noise,

Sz(w) is the spectral density of other types of noises.

Then the following spectral density S’ are obtained:
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2.6 System noise model of Kalman Filter

Sy (w) = ho/2 (white frequency noise) (2.61)

S, () =7h_1/w (flicker frequency noise) (2.62)

Sy, ,(w) = 21%h_g Jw? (random walk frequency noise) (2.63)
S0 (W) = ho/w? (2.64)

Si_(w) =mh_y/u? (2.65)

S (w) = 21*h_y/2w* (2.66)

The respective impulse responses are given by equation (2.60) and inverse Fourier trans-

formation [2]:

hyo (t) = \/ho/2 - 6(t) (2.67)
hy_, (t) = V/h_1/t;t >0 (2.68)
hy o(t) = 7\/h_9;t >0 (2.69)

hao(t) = V/ho/2;t > 0 (2.70)
he_, (t) = 2¢/h_1t;t >0 (2.71)

he 5 (t) = T\/2h_at;t > 0 (2.72)
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2 Theoretical Fundamentals

In the following section, the variances and covariances that contributes to the system noise

covariance matrix are deduced. The variances are based on the autocorrelation function

R(t,T) :

t pt+T
R(t,7) = /O /O h(t — Wh(t + 7 — v) Eln(u)n(v)]dvdu

Using the property that
En(u)n(v)] = 6(u—v)

and
t+71

fw)o(u—v) = f(u)

0

so that .
R(t,7) = / h(u)h(u -+ 7)du; 7 > 0
0

The autocorrelation function for each process are then [2]:

Ryo (t7 T) = %5(7—)

27 fn
Ry, (t,7) = h—l/ coswT ,
2mf1 w
N1 - (27 fp7)?" — (2 fr7)*"
=h_1ln—+h_ -1)"
! nfh + 1;( ) 2n(2n)!

Ry ,(t,7) =21*h_ot;7 > 0

ho

Ry, (t,7) = ?t;T >0

Ry, (t,7) = b1 {(2t + T)V2 + t7 — % In]

2 2t 474 2V/¢2 —i—tT]}
T

1 1
R, ,(t,T) = 27T2h,2(§t3 i §t27-)
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2.6 System noise model of Kalman Filter

The variance can be calculated from:

o(t) = R(t,0) / 12 ()

0

Using equation 2.83 the variances can be derived as:

2
Uyo = hofh()

In

2 — i
oy, =h-1ln

fi

2 _ o 2
oy, =21 h_ot

2
0372 = §7r2h_2t3

Similarly, the cross-correlation function between two processes is

t
Ryy(t,7) = / ha(w)hy(uw + 7)du; 7 > 0
0

The cross correlations between frequency and time are:

ho
nyo = ?
Ryy , =2h_qt

Ryy » = m2h_ot?

(2.83)

(2.84)

(2.85)

(2.86)

(2.87)

(2.88)

(2.89)

(2.90)

(2.91)

(2.92)

(2.93)
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2 Theoretical Fundamentals

Combining equations (2.84)- (2.93) and (2.58), the covariance matrix of instantaneous

time and frequency measurements is given by:

hot +2h 1% + 2m2h_ot® 19 4 2h_yt + m2h_ot?

COoVix(t),y(t)] = 2.94
[2(2), y(0)] % + 2h_1t + w2h_ot? ho fry + h,lln% +272h_ot (2:94)
The fractional frequency is calculated from
x(t —ot) — x(t

ot

The covariance matrix can be rewritten only with one variable t.

BOAt + 20 A2+ 272h oA 12 4 20 At + T2y AF?

COV]xz(At), y(At)] =
[z(At), y(At)] % +2h At + 71'2h,2At2 % +2h_1 + %WthzAt

(2.96)

Replacing At with 7 yield:

Q= %T +2h 7% + %WQh_QTB % +2h_ 7 4+ w2h_o7? (2.97)
bo 4 oh i+ mPhoor? B2 42k g+ SnPh ot '
Finally the system noise matrix can be related to the parameters h;, ie{—2, ..., +2}which

can be computed from the Allan variance.
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3 Applying Kalman Filter in different cases

The most important part of the clock steering system is the Kalman filter. It’s important
to test all the features related to the implementation. In this chapter, Kalman filter applied

in position/speed case and clock cases with different data rates are tested.

3.1 Test Kalman Filter

3.1.1 Position/Speed Case

@ 1=0,%50
i

ax

S ———
Posttion X

Figure 3.1: Position/Speed Case

To see how the Kalman filter works, a simple application is chosen. It is supposed that a
vehicle moves on the infinitely long, straight, frictionless road. Initially it is stationary at
the position 0, but from t=0 on it is accelerated by a random acceleration. The position

of the vehicle is observed every At seconds. [21]

The state vector of the system is :
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3 Applying Kalman Filter in different cases

Xk:m,

where x is the position and & is the velocity at ki, observation.

The acceleration ag is generated by the random function. It’s normally distributed with

zero mean and standard deviation oy,.

From Newton’s laws of motion, it is concluded that
2

T = Tpo1 + Tp_ 1A+ O

Ty = Tp—1 + Atay,

Define
1 At
F=
01
and
A2
G = 2
At

The system equation can be written as:

X =FXi_1+ Gay

The system noise Q is:

Q = cov(Ga) = E[(Ga)(Ga)'] = GE[a®)GT = G[o?|GT = 02GGT

a

With these assumptions the noisy measurement can be rewritten as:

where H is the observation model and H = [ 10 ],

(3.6)

v is the measurement noise, the measurement noise variance for Kalman filter R =

Elvwvg] = [o7]
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3.1 Test Kalman Filter
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Figure 3.2: Position estimation with Kalman filter
Using the standard equation of the Kalman filter, after the simulation the result is shown
in the following figure.

From the figure it can be seen that the Kalman filter filtered out the system noise and

measurement noise. It gives smoothed output.

The root mean square error(RMSE) can be calculated with the equation:

RMSE(X) = +/E(X = 6)?) (3.8)

where 0 is the true value.

The root mean square error of the measurement RM S Ejjeasurement= 100.3551

The root mean square error of the Estimation RM S Egstimation= 12.6497
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3 Applying Kalman Filter in different cases

3.1.2 Time Difference Estimation with Simulated Data

Herein the Kalman filter is used to steer a clock system. After the first study of the

position-speed case, the clock system is built with the following system equation[15]:

X1 = 0 Xg + Wi (3.9)

Zr=H X+ Vi (3.10)

where ¢ is the transition matrix and defined as :

’
] , T is the time interval between

measurements.

W (k) is Gaussian white noise characterized by covariance.

: 1 (k)
X (k) is the state vector, defined as: ,
y2(k)

where x1(k) is the time difference, and y2(k) is the fractional frequency difference, between

the reference and the steered standard.

H is the connection matrix and H := [1 0], and vy, is the Measurement noise.

With a set of simulated data containing the time difference between the clock which need

to be steered and the reference clock the Kalman filter was tested again.

In this test the measurement noise with standard deviation c=3ns(white noise) was added
to the simulated data. This test is just to make sure that the Kalman filter works properly
with this clock model and the filter converges. The Figure 3.3 shows that Kalman filter
filtered out the measurement noise. Because the data fixed in file and there is no inter-

actively changing to the data, the time difference can just be estimated but not be reduced.

The root mean square error of the measurement RM S Enscasurement= 3.0174x107?

The root mean square error of the estimation RM SEgstimation= 5.2048x10710
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3.1 Test Kalman Filter
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Figure 3.3: Time Estimate with Simulated data

3.1.3 Time Difference Estimation with interactively generated Measurements

The filtering function of the steering system has been tested by the last test. It’s impor-
tant to know if the system can keep the time difference around zero. To achieve this goal,
the measurements has to be generated dynamically according to the steering of the earlier

steps. And the controlling effect has also to be considered inside the Kalman filter.

The equation to dynamically generating the measurements taking into account also the

steering is:

Zktn = Zkan + N - TUL (3.11)
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Figure 3.4: Time Difference Estimate with interactive Measurements

The equation of one-step-ahead prediction has to be changed to:

Xik11 = ¢ Xk + Buy + Wy (3.12)

Figure 3.4 shows the comparison of the measurements and the Kalman-LQG steered time.
It can be seen that the system can keep the time difference around zero. The time differ-

ence will keep increasing as the case described in section 3.1.2 if there is no steering.

The standard deviations are:

O Measurement=2.5836 X 1077

0 Kalman—LQG=23.4990 107?
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3.1 Test Kalman Filter

3.1.4 Time Difference Estimate with interactive Measurements and offsets

After finishing the test in section 3.1.3, it’s known that the implemented steering program
can keep the time offset around the zero value. The following test is to see if the system
works properly if a very big offset suddenly appears (e.g. because of a phase jump in one
of the clocks) and if the system can drive the time difference back to zero in that case. In

this test 2 offsets of 178.51 nanoseconds were added to the measurements.

x 10

1.5

0.5r 1

Time Difference Measurement in seconds

-2 ' ' ' '
0 2 4 6 8 10

Time in days

Figure 3.5: Time Difference Estimate with interactive Measurements and offsets

Figure 3.5 shows that the system can also steer the time difference towards zero even a
very big offset was suddenly added to the system.The speed at which the system steer the
time difference to zero can be adjusted by modifying the parameters WQ and WR in the
LQG regulator.
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3 Applying Kalman Filter in different cases

3.1.5 Time Difference Estimate with Two Days Old Measurements

The simulated data are generated in 16 minutes interval. However in the real implemen-
tation the measurement data can only be acquired with the latency of 2 days. Therefore
the Kalman filter is changed to work at the interval of 2 days and the control elements are
calculated from the one step ahead prediction. To implement this approach, two Kalman
filters have been constructed: the first one produces a single data point from 2 days of
measurement data with 16 minutes rate, and the second one in combination with LQG

controller calculates the clock steering from the data with the two-day rate.

Assume the current time is ¢, the steering system with 2 stages of Kalman filter can be

described with the following figure:

180 samples of 16 minutes
interval from data file between
[t-4days t-2days]

Kalman Filter Stage 1

l

one value
of t-2days

|

Kalman Filter Stage 2
with LQG

|

Steering output

Figure 3.6: Steering system 2 stages of Kalman Filter
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3.1 Test Kalman Filter
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Figure 3.7: Time Difference Estimate with Measurements of 2 days interval

With 2 days interval, all the last 3 tests are repeated. The key difference between the two
implementations of the clock steering(the one with no latency and 16 minutes data rate
and the the one with 2 days latency) is that in case of two-day data latency steering out-
put is no longer calculated from the time difference estimate, but from the one-step-ahead

prediction.

u(k) = —Godpr /i (k) (3.13)

The figure shows that the Kalman filter works also properly(converges) with 2 days in-
terval. Figure 3.7 shows that the steering output calculated from the one-step-ahead

prediction is similar to one calculated from the current step of estimation.
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3 Applying Kalman Filter in different cases

3.1.6 Time Difference Estimate with interactively generated Measurements

from 2 days ago without offsets

It’s important to keep the Kalman filter converging. A biased choice of noise variances Q,
R and WR, WQ for LQG regulator can all cause diverging effects. Thus, it is necessary
to test all possible situations. This trial is to test if the system works properly by taking

steering output in consideration.

Time Difference Measurement in seconds

-12 T S e '
0 20 40 60 80 100 120 140 160 180

Time in days

Figure 3.8: Time Difference Estimate with interactively generated Measurements from 2

days ago without offsets

This test is similar with the 16 minutes interval test(see Section 3.1.3). The system can
also keep the time difference around zero. This proves at least that the system doesn’t
have the parameters error. The system uses one-step-ahead prediction generated steering

output can also keep the time difference near zero.

The standard deviation of the steered time difference: o= 2.6773x10~?
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3.1 Test Kalman Filter

3.1.7 Time Difference Estimate with interactively generated Measurements

with 2 days latency and with Offsets

Here the case with the interactively generated measurements with 2 offsets (178.51 nanosec-

onds) is tested. This test is the last theoretical test before the system goes online.

1.5} 1

Time Difference Measurement in seconds
S
o o

-2 ' - ' ' - ' ' '
0 20 40 60 80 100 120 140 160 180

Time in days

Figure 3.9: Time Difference Estimate with interactively generated Measurements from 2

days ago

The Kalman-LQG clock steering system is now implemented with 2 days interval. It cal-
culates the steering output from the one-step-ahead prediction, takes steering output in

consideration which can also be called close-loop operation.

The figure shows that the implemented filter make the filtering converge. It can keep
the time difference around zero. It can also drive the big offset to zeros again. All the

requirements for the implementation are met.
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3 Applying Kalman Filter in different cases

3.2 Comparison of Kalman filter and Moving average filter
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Figure 3.10: Compare Kalman filter and Moving average

Moving average is also an effective way of reducing the noise by timed averaged measure-

ments. So it’s interesting to compare the moving average with Kalman filter.

From Figure 3.10 it can be seen that the windows size of the moving average smoother
can greatly affect its output. The 24-hour moving average looks much smoother than the
moving average with 1.5 hour window and the Kalman filter output. With this window
size out all the short-term fluctuations are smoothed out. The visible bias in the Kalman
filter estimates is due to slightly underestimated system noise and low dimension of the

system model. The bias can be removed by further adjustment of the process noise matrix
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3.2 Comparison of Kalman filter and Moving average filter

Q and better modeling of the process. These improvements are a part of the future work

on this issue.

RMSE from the true observation
Measurement 3.0085%x107*
Moving average with 1.5 hour window size 1.7266x 1077
Moving average with 24 hour window size 3.9590x 10710
Kalman filter estimation 1.0244x107?

Table 3.1: Compare the mean square errors of Figure 3.10

The RMSE in Table 3.1 is computed with respect to the true time offset values (not shown
in Figure 3.10). The measurements in this figure are obtained by adding a white Gaussian

noise with of 3 ns to the original time offset.

The disadvantages of the moving average are:
1. Over-simplistic underlying process model

2. Lose some short-term information about the measurements.

If the noise is only white Gaussian and the window size is chosen properly, it is still a
good and simple way of filtering. In comparison, the Kalman filter has a much more
sophisticated underlying model and is able to account for both measurement and inherent
process noise trough the corresponding covariance matrices. Both these matrices shall be

defined during a careful filter design.

The moving average doesn’t consider the state space dynamics and, if the window size is

not chosen properly, some useful information might be filtered out.
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4 Compare INPL Steering and Kalman-LQG
Steering

Kalman-LQG is not the only method for clock steering. In this chapter, INPL method
and Kalman-LQG method are compared. In first section the two methods are compared
with 16 minutes data rate. In the second section they are compared with 2 days data rate.
Because in the real implementation, the data is only available 2 days later after the offset

take place.

The data file used in this chapter contains simulated data for the time offset between two

high performance Caesium clocks. The data set includes 21600 samples in 16 minutes step.

In the first section, there is no measurement noise added. In the second section, the mea-
surement noise with standard deviation o= 1 ns(white noise) is added to the simulated

data.

4.1 Comparison with simulated data of 16 minutes interval

4.1.1 Steering with INPL method

INPL method is an rather simple method. Its advantage is the easy implementation. It’s
no need to input the system noise parameters or measurement noise parameter. In Figure
4.1, the offset and the frequency of the clock is calculated and steered every 16 minutes.
It could obviously minimize the clock offset. But the curve have the form of scintillation.
The steering with the INPL method is based on the historical measurement, there is no

prediction for the future. Because of it, it is difficult to offer precise steering.
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4.1 Comparison with simulated data of 16 minutes interval

The standard deviation of the steered time offset: o;ypr= 2.6117x10~?

x 10° —— INPL Method Steered Time Offset
—— Measurements

Time difference in seconds

-12

_14 L 1 1
0 50 100 150 200

Time in days

Figure 4.1: Steered time and time difference measurements
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4 Compare INPL Steering and Kalman-LQG Steering

4.1.2 Steering with Kalman filter

x 10 —— Kalman-LQG Steered Time Offset
—— Measurements

o b
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Figure 4.2: Kalman Steering

Kalman-LQG method cares about both the accuracy and stability. The steered time off-
set in the figure looks much smoother. Because the system noise model and measurement
noise model are input to the Kalman filter, the Kalman filter is able to estimates the time

difference in the next step. The Kalman-LQG method offers more precise steering.

The standard deviation of the steered time offset: oxauman—roa= 4.0668x 10710
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4.1 Comparison with simulated data of 16 minutes interval

4.1.3 Compare the steered time

x 107
6 ; . Kalman-LQG Method

— INPL Method

A

N

H‘i i
i

Time Difference Measurement in seconds
o

-2
4+ .
-6 - ' '
0 50 100 150 200
Time in days

Figure 4.3: Comparison of INPL Steered time and Kalman-LQG Steered time offset

By the 16 minutes rate of steering, the Kalman-LQG steered time offset shows much better
accuracy. The steering is very precise. The clock doesn’t have to over strip first and then
slow down like INPL method steered time. Any way, serval nanoseconds residual offset is

a pretty good performance for both Kalman-LQG and INPL steered time.
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4 Compare INPL Steering and Kalman-LQG Steering

Interval INPL Method Kalman-LQG Method

Measurement O Measurement= 3.7803x1078
16 Minutes orvprL=2.6117x107° | 0 xaman—roe= 4.0668x10710

Table 4.1: Standard deviations of INPL and Kalman-LQG methods steered time in 16

minutes interval

4.1.4 Compare the Allan deviation
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Figure 4.4: Comparison of Allan deviation

By comparing the two steering methods, it is shown in the figure that time steered by
the Kalman-LQG method has both better accuracy and frequency stability(Figure 4.4).
The Kalman-LQG steering results in much better stability than the INPL-method and

the measurements in long term.
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4.2 Comparison with simulated data of 2 days interval

4.2 Comparison with simulated data of 2 days interval

It is expected that in the real operations measurement data will be available with 48h
latency. It’s also necessary to compare the INPL and Kalman-LQG method with 2 days

data rate.

4.2.1 Steering with INPL method

x 10

Time difference in seconds

-12 | ——— INPL Method Steered Time Offset .

Measurements

-14 - | .

0 50 100 150 200
Time in days

Figure 4.5: Steering with INPL method

To change INPL method to steer the time in 2 days interval, it’s only needed to change
the time interval value of the programme. Compare the Figure 4.1 and Figure 4.5, 2 days

delay reduced the accuracy of the steered time offset.

The standard deviation of the steered time: o;ypr= 4.4447x10~9

51



4 Compare INPL Steering and Kalman-LQG Steering

4.2.2 Steering with Kalman filter

x 10

-12H — Kalman Filtered Time Offset ]
——— Measurements

-14 : : :
0 50 100 150 200
Time in days

Time Difference Measurement in seconds

Figure 4.6: Steering with Kalman filter

In 2 days case, 2 stages of Kalman filter (as described in Chapter 3) is applied. One-step-
ahead prediction is used to calculate the steering output. From the figure the steered time
offset seems much more noisy than it was with the 16 minutes data interval. In this case,
the Kalman-LQG steered time doesn’t have sufficient steering rate. It also has to over
strip and slow down all the time. The performance is no longer as good as it was in 16

minutes interval.

The standard deviation of the steered time: o g giman—rQa= 7.5595% 1079

52



4.2 Comparison with simulated data of 2 days interval

4.2.3 Compare the steered time offset
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Figure 4.7: Compare the steered time offset

If put them together, it can be seen that there isn’t too much difference between the two
methods in the current lab situation. Both curves have the form of scintillation. The INPL
method steered time has smaller variance. By adjusting the parameters for both methods,
the performance could be optimized. It can be expected that the Kalman-LQG method
could be better in some cases. But the difference won’t be too much. The performance of
the two methods is similar in this case and stay at the same level. In this simulation the

accuracy stays at 10 nanoseconds level.
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4 Compare INPL Steering and Kalman-LQG Steering

Interval INPL Method Kalman-LQG Method
Measurement O Measurement= 3.7803x1078
2 Days ornprL= 4.4447x107° | 0 Kaiman—roc= 7.5595x107°

Table 4.2: Standard deviations of INPL and Kalman-LQG methods steered time in 2 days

interval

4.3 Compare the steering effect with 16 minutes and 2 days

data interval

With 16 minutes data interval, Kalman-LQG method is obviously better than the INPL
one both in accuracy and stability. However, in the real operational conditions, the data
has 48 hours delay and one-step-ahead prediction is applied. It’s difficult to tell which
method is better in this situation. However, in the operational implementation(see Chap-
ter 5), Kalman-LQG method is still used, because the data latency is expected to be
decreased in the future. This means the Kalman-LQG steered clocks would then perform

better, whereas the performance of the INPL method doesn’t have too much space to

improve.
Interval INPL Method Kalman-LQG Method
Measurement O Measurement= 3.7803x1078
16 Minutes orvprL=2.6117x107° | 0 xaman—roe= 4.0668x10710
2 Days ornprL= 4.4447x107° | 0 Kaiman—roc= 7.5595x107°

Table 4.3: Standard deviations of INPL and Kalman-LQG methods steered time offset in
different intervals

4.4 Steering effect with different data rates and delays

4.4.1 Kalman-LQG steered time with different data rates

It’s interesting to know why in the the case of 2 days data rate case INPL method offers
better accuracy than Kalman-LQG method. The data rate and delay must play a role
here. To prove this, both Kalman filter and INPL feeded with different data rates are
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4.4 Steering effect with different data rates and delays

x 107 Kalman-LQG, 2 days interval
2 ' —— INPL, 16 minutes Interval
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Figure 4.8: Compare the steering effect of the two methods with 16 minutes and 2 days

data rate

tested.

The figure shows that the Kalman-LQG method of steering is sensitive to the data rate
and delay. The accuracy of the steering will increase obviously when the data arrive ’on

time’. So this method of implementation leaves much space of the future improvement.

4.4.2 INPL method steered time with different data rates
The higher data rate will also bring some improvement by INPL method of steering. But

this effect is not so great. By 16 and 80 minutes intervals, Kalman-LQG method offers
much better frequency stability then INPL method. (see Figure 4.13)
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4 Compare INPL Steering and Kalman-LQG Steering

x 10 —— Kalman-LQG steered time in 2 days interval
1.5 ——— Kalman-LQG steered time in one day interval
——— Kalman-LQG steered time in half day interval
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Figure 4.9: Kalman-LQG method steered time offset in different intervals

These reasons makes the Kalman-LQG method to be chosen in the implementation.
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4.4 Steering effect with different data rates and delays
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Figure 4.10: INPL method steered time offset in different intervals
4.4.3 Compare the Variance of the Steered Time Offset

Table 4.4 contains the standard deviations of INPL and Kalman-LQG steered time offsets
for different data rates. According to the table, with the same data rate, the Kalman-LQG
method offers smaller standard deviation than the INPL method in steering period shorter

than one day.

According to the comparisons of the two steering methods, Kalman-LQG method is not

always the better one.
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4 Compare INPL Steering and Kalman-LQG Steering

Interval INPL Method Kalman-LQG Method

Measurement O Measurement= 3.7803x1078
16 Minutes orvprL=2.6117x107° | 0 xaman—roe= 4.0668x10710
80 Minutes ornprL=2.8767x107° | 0 Kkaman—roc= 8.2672x10710

Half Day orvpL=3.3970x107° | oKaiman—roc= 2.9220x107°
1 Day ornpL=3.7035x107° | 0Kaiman—roc= 4.6588x107°
2 Days ornpL= 4.4447x107° | o Kaiman—roc= 7.5595x107°

Table 4.4: Standard deviations of INPL and Kalman-LQG methods steered time offset in

different intervals
4.4.4 Compare the Allan deviation

The Kalman-LQG method benefits from the increasing of the data rate obviously. Allan
deviation decreases fast with increasing data rate. The Allan deviation of INPL steered
time doesn’t improve too much by increasing the data rate. Figure 4.13 shows that if
the data rate is lower than half day the INPL method steered time offset will have better
stability than Kalman-LQG steered time offset with the same data rate.
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4.4 Steering effect with different data rates and delays

Allan Deviation

Measurement
—— Kalman-LQG, 16 minutes interval
Kalman-LQG, 80 mintues interval
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Figure 4.11: Compare the Allan deviation of Kalman-LQG steered time offset with differ-

ent data rates
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4 Compare INPL Steering and Kalman-LQG Steering

Allan Deviation
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=
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Figure 4.12: Compare the Allan deviation of INPL steered time with different data rates
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4.4 Steering effect with different data rates and delays
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Figure 4.13: Compare the Allan deviation of INPL and Kalman-LQG method steered time

with the same data rate
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5 Implementation

The Kalman-LQG steering has been implemented in an operational software which con-
tains also graphic user interface, communication interface, event logging, error handling
and so on. In this chapter, the algorithm, equipments setup, software components, data

files, graphic user interface are described.

5.1 System Description

Kalman-Filter
LOG [ MES

Steermg Chafput

CView.dat

Figure 5.1: System Description

The implementation is aimed to steer the DLR time scale UTC(DLR) to UTC(PTB). One
time difference data file which contains the offset of UTC(DLR) to UTC(PTB) is loaded
to the system as the input. The system will then use Kalman-LQG method to calculate
the steering output and send it through the RS-232 port to the micro phase shifter (MPS).

The offset data file are only available with the latency of 48 hours. This will greatly reduce
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5.2 Experimental Setup

the steering effect. In this case the performance of the Kalman-LQG method is similar to
one of the INPL method. But the implementation Kalman-LQG method is still chosen
and applied because the delay of the offset data in the future would reduce. The reduction

of the delay will improve the steering effect.

The system can work not only with GPS Common View data, but also accepts the offset
of UTC(DLR) to GPS system time which comes from the GPS time receiver at the DLR
time laboratory in Oberpfaffenhofen. During preparation of this thesis the system was
tested with UTC(DLR)-GPSTime offset data.

5.2 Experimental Setup

HROG-3 Micro Phase Shifter SMHZ

g/ S071ACS clock

o

PO Tinning Lat

O

RS-232 Comeection

SMHZ

LPPS

4

I Frequency doublsr

1HMHZ

o 2 —

== Eﬁ =

Ciiew G =
G FTP Transier

—
_ PTE Server

Time Offset Measuwraments Septentrio GPS Tume Reciever

Figure 5.2: Experimental Setup
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5 Implementation

The most important equipments of the system are:

1. Symmetricom 5071 A Primary Frequency Standard

2. HROG-5 Micro Phase Shifter

A high-resolution phase and frequency offset generator

3. Septentrio GPS Time Receiver

Symmetricom 5071A Cesium clock is the frequency source of the system. Its 5MHz and
1PPS output signals are connected to the HROG-5 Micro Phase shifter. HROG-5 can gen-
erate both frequency and phase offsets. The steered 5SMHz and 1PPS signal will go from
its output to the Septentrio GPS time receiver. Because this receiver requires the 10 MHz
input, one frequency doubler is connected between the HROG-5 and the GPS receiver.
One PC loads the GPS Common View data from PTB via FTP and gets the data from
the Septentrio GPS receiver. The calculated time offset(either UTC(DLR)-UTC(PTB)
or UTC(DLR)-GPSTime) is stored in a file named CView.dat on the local area network.
The implemented software is running on another PC which is located in the DLR timing
lab. The program with graphic user interface calculates the steering output to the micro

phase shifter from the calculated offsets.

5.3 Design Features

According to the system setup, software algorithm, equipments communication interface

and the convenience of the user the software is programmed with the following features:

1. Graphic user interface.

2. Users are allowed to change the system parameters: Q, R, QQ, RR for LQR, thresh-

old value of the steering output.
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5.3 Design Features

10.

11.

12.

13.

. Auto recover the process to the break point by restarting

. Generate the data based on the historical data and steering when Measurement is

not available

. Threshold value for steering output to filter out the very small steering signals so

that to avoid the noisy steering.

. Inform the user by E-mail and log event when very large offset detected.

Inform the user by E-mail and status flag when data was not available for a certain

period.

. Log the important events and data such as: initialize, reset, data fetching, process-

ing, measurement generation, steering.

. Show status of the micro phase shifter: time offset, frequency offset, time, data,

temperature, etc.

Plotting data: measurement, estimation, steering.

Auto trigger the process every 48 hours.

Auto set the offset when large offset detected and the user didn’t change the offset

manually.

Setup the serial communication module to apply the steering to the micro phase

shifter and read the status and the feed back from it.
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5 Implementation

5.4 Software Components

5.4.1 Software Flow Chat

Deadme Tune l:lﬁcﬂl .
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Figure 5.3: Software Flow Chat

Starting: By starting the Programme, the file last_used_parameters.txt will first be loaded.
If it is not empty, then the system will load the parameters stored in it and fill the blanks
on the GUI with these parameters. If it’s empty, the programme will then load the default
values and fill them in. The parameters contain Q,R ,QQ, RR for LQR and the threshold

value for the steering output.

The user can then click the button ”Start” to start the counter. The counter display shows
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5.4 Software Components

how many seconds left before next trigger.

Execution: By the time point of trigger, the programme will try to open the time offset
data on the network location. The remote location is linked as a virtual local drive I on

the computer.

The path of the file is like: I : \yyzaz\CView.DAT. yy is the 2 digits of year and xxx is
the xxxth day of the year. For example: Oct. 5, 2006 is the 278th day of 2006. The data
of that day is then stored in I : \06278\CView.dat.

If the file exists at the location, the data will be loaded in to the workspace. Then
kalman_stagel.m starts. The 16-minutes step data are processed to get one single value.
This value is the time difference measurement in the last 48 hours. It will be written to
the file measurement.txt. If the file doesn’t exist, the system will log this event as 'Data
not available’. To keep the system running the programme ’'generate_data.m’ will then be
run. It generate the possible time difference in the passed 48 hours based on the data of
the last measurement and the last steering value. The estimated value will also be stored

in the file 'measurement.txt’. After this, kalman_stage2.m will be called.

Kalman stage2.m is the main estimation component of the software. It reads the mea-
surement.txt and reads the parameters in the text box on the graphic user interface. After
processing, it gives out the estimated value of time difference and the fractional frequency
offset. By making use these two values, the Linear Quadratic Regulator will then calculate

the optimal steering output uy.

If uy is bigger than the steering limit of micro phase shifter, the limit value will be applied
to the system. If uj smaller then the threshold value of the control output, it will be

neglected. This will improve the output frequency stability.

After the estimation, in the case a very big time difference was detected(for example Z
bigger than 500 nanoseconds), the programm will send a warning mail automatically to

the user and log this event. The status flag on the GUI will also change to show the data
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5 Implementation

availability. If the user doesn’t respond to the warning mail (make manually offset)in 24

hours, the system will automatically apply the the offset to the micro phase shifter.

T User Input
 Lastused

Time before next trigger : 88308

Measurement Availability :

Apply Change Reset

— Log

Log File:
PONRANAN-14 50 1R Prorammime: Started

Figure 5.4: Measurement Availability indicated by lamp: green: measurement available,

red: measurement not available

To ensure the system could restore the process after the restarting of the programm or
reboot of the computer by power failure, all the internal parameters are stored in the file
‘data.txt’. By next step of running they will be load in to the workspace again. They are

also useful when trying to debug the filter.

5.4.2 Programme files

The clock steering system contains the following files:

load_data.m: Load the time difference files from the network location.

kalman _stagel.m: Calculate the time difference of 48 hours ago from the input time
offset measurements

kalman_stage2.m: Predict the current time offset using the historical data and the result
of kalman_stagel.m.

generate_data.m: If the data are not available on the network, this programm will pre-

dict the measurement based on the last step of measurement and last steering value.

reset_t.m: Reset the system, clear the historical data, remove the log.

initialize.m: If the system is reset by the user, the initial values will be input to the
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5.5 Data files

Kalman filter.

serial_port.m: Acquire the status parameters of the micro phase shifter through the
RS-232 port and store in a file.

plotting_t.m: Plot the measurement, time difference and frequency offset estimation and
the steering output.
disp_log.m: Display the log events. disp_serial.m: Display the serial port status file.

disp_steer.m: Display the steer values sent to the micro phase shifter.

app-_offset.m

5.4.3 GUI

GUI002.m
Graphic User Interface. The GUI will make the system user friendly. It’s easy to get the

results, make the modification and get the status of the system.

5.5 Data files

There are 6 data files in the system. By backup these files, the system can be recovered

after the crash of the operation system or power supply failure.

Data.txt contains the internal data of the Kalman filter such as the Q, R, U, X, X nead, Pahead-
Every time when the file kalman_stage2.m is called, the programme will first load this file

and read the values of the last step.

Measurement.txt stores the measurement data. It’s the output of the kalman_stagel.m
and the input of the kalman_stage2.m. Each line of the file contains one single Kalman-
filter filtered measurement of 48 hours ago. The last number 1 and 0 tells that if the

measurement are from the data file(1) or generated by the programme(0).
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5 Implementation

1=

Datei  Bearbeiten Format  Ansicht 2

100 0.0000002+000 0, 000000e+000 0, 000000e+000 0.0000002+000 0. 000000e+000 2006.9.1-14:16:49 d
105 0. 00000024000 3, 70062004005 000000004000 3. 70062 0e+005 0, 000000e+000 2006.9,1-15:0:12

105 -6.944444e-006 3.70060884+005 -6.944444e-006 3. 70060884005 -6.8616%0e-001 2006.9.3-15:0:0

105 1. 2046002-005 3, 700681le4+005 1.2046000-005 3.7006595e+005 —4§.861600e-001 2006.%,.5-15:0:7

105 -3.319396e-001 2.670953e4+005 -3.319306e-001 2.515011e+005 -6.861921e-001 2006.9.7-15:31:11
104 -5.726748e-001 1.415422e4005 -5,726748e-001 1.329271e4+005 -2,000000e-007 2006,9.9-15:31:11

Kl L

Figure 5.5: data.txt

E. measurement - Editor

i ][] 3
Datei Bearbeiten Format  Ansicht #

3.700620e+005 2006.9.1-15:0:11 1 d
3,700608e+005 2006.9.3-15:0:0 1

3.7006595e+005 2006.9.5-15:0:6 1

2,515011e+005 2006.9.7-15:31:11 O

1.329271e+005 2006.9.9-15:31:10 O
1
1

L 32027124005 2006.9.11-15:31:10 O
L 329271e+005 2006.10,11-15:31:18 0

Figure 5.6: measurement.txt

serial_portl.txt stores the results of the serial_port.m. User can get the status of the

micro phase shifter remotely.[1]

BAUD | the baud rate FFOF | fractional frequency offset
TOFFS | time offset FREQ | frequency offset
PHAS phase offset TEMP | instrument temperature

PPSW | 1 PPS pulse width | SFFOF | last time step
SFREQ | last frequency step | SPHAS | last phase step

Serial port status updated: Because the status of the MPS is not displayed real time, so

it’s necessary to know the time of the status.

steering_log.txt stores all the applied steering output. The steering output to the MPS
might not be the calculated value from the programme. If the calculated result is too

small or too large, the alternative value will be applied. This file stores the values.
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5.5 Data files

i =10l x|

Datei Bearbeiten Format  Ansicht 7

TIME: 12:58:32

EAUD: 9600

FFOF: 2e-07

TOFFS: 0fns)

FREQ: 1

PHAS: O

TEMP: 39.5C

PPSwW: 5 Pw= 204.8us
SFFOF: O

SFREQ: O

SPHAS: -1.799999095077
serial Port status Updated: 2006.9,8-13:7:10

g of

Figure 5.7: serial_port.txt

steering_log - 3 =] S|
Datei Bearbeiten Format  Ansicht 7
[Fteering at 2006.9.3-15:0:2, FF: 2.000000e-007 =]

Steering at 2006.8.5-15:0:11, FF: 2.000000e-007
Steering at 2006.5.7-15:31:12, FF: 2.000000e-007

Setting Time offset at 5 $54:27, TOFFS: 1.000000e-003
setting Time offset at :54:41, TOFFS: 1.000000e-003
setting Time offset at 56:54, TOFFS:

QO0000e+000

setting Time offset at TOFFS: 1.000000e+000
setting Time offset at TOFFS: 1. 000000e+000
setting Time offset at TOFFS: 1. 0000008+000
serting Time offser at ToFFS: 1. 0000008+000
setting Time offser at TOFFS: 1.0000008+000
serting Time offset TOFFS: 0.0000008+000

at 06.5.8-13
StEer‘lng at 2006.9.5- 15 31 11, FF: —2 OOOOOOE Q07
setting Time offset at 2006.9.11-11:59:54, TOFFS: 0.000000e+000

i )

Figure 5.8: steering_log.txt

log.txt stores the system events such as resetting, initializing, data loading, processing,

etc.This file could help to debug the system.

Doted Bearboben Formet Anscht T

T

pata File nitialized

pata loaded

vata of vay: 10 Joaded

para of pay: 11 Toaded

Data of Day 33918 15 not available

Can not acquire Measurement' Data generated by kalmanfilter
Data of Day: 17 loa

2006.10, 70-13: <\:1<:

Figure 5.9: log.txt
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5 Implementation

last_used_paramters.txt stores the last used parameters or user modified parameters.

By restarting, the system could restore the previous process.

Dote Bearboben Formet Angcht T

000e+000 0, 000000e+000 1. 000000e-007 1,000000+004 5. 000000E-013 2006,10,20-13:

pO00e+000 0. O00000E+000 1. 0000008-007 1, 00000004004 5. 0OD0O00R-013 2006,10,20-1

$0008+000 O, (0000084000 1.0000008-007 1. 00000064004 5. 000000A-01 2006,10.70-1
'S 1. L. 3. 13 2006.10.20-13:

Figure 5.10: last_used_paramters.txt
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5.6 Graphic User Interface

5.6 Graphic User Interface
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Figure 5.11: GUI

Time hefare next trigger : 88308

Measurement Availability :

Apply Change Reset

—Log

— Operation Mode —

& o

 Manusl

Log File:
2006.1010-14:50:16, Programme Started.
2006.1010-14:50:56, Programme Started.

% Log File

" Serial Port Status
Refresh
" Steeting Log

The graphic user interface makes the programme user friendly. The user can observe the

data plotting directly from the GUI. User can also modify the parameters such as Q,R,

WQ,WR with the mouse driver and keyboard.

The GUI are stored in the files: GUI002.fig and GUI002.m.

In the 'Trigger Time’ panel, the user can insert a time to let the programme run. The

default trigger time is 15:30 every 2 days.

The status flag "Measurement Availability’ tells the user if the data in the network location

are available. If the data was not available for 10 days, this flag will turn red. The user
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5 Implementation

should check the GPS receiver or the network connection of the PC.

Sometimes the the system will detect a constant large offset. This might cause by the
cable delay. It takes long time to cancel this offset by steering only the frequency. In this
case, the user can enter a offset value in the text box *Time Offset’ and click "Apply’ with

the mouse driver. The micro phase shifter will then generate a time offset with that value.
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6 Summary

The aim of this diploma thesis was to design and implement the clock steering system to
improve the accuracy of the DLR time scale. During the work, serval filtering and steering

techniques were studied, such as Kalman-filter, moving average, LQG controlling.

Kalman-LQG method and INPL method were compared. The result shows that the INPL
method is still a effective way of steering. It’s easy to implement and in some case provide
similar or even better performance than Kalman-LQG method. Kalman-LQG method is
a newer method. It requires the system and the measurement noise to be pre-defined by
the filter designer. The historical data and processing results will help to improve the
estimation and prediction. After a proper adjustment of the filter and improvement of
the system(e.g. reduction of the data latency), Kalman-LQG steering will provide better

accuracy and stability.

The implementation is done with Matlab. Two stages of Kalman filter were implemented.
The first stage is operated in an open loop. It filters the original measurement data(with
16min rate) to get a single measurement point for 48 hours. The second stage of Kalman
filter works with the data sampled over 48 hours which are produced by the first stage. It
works in a close loop. It generates the control values from the one-step-ahead prediction.
The control policy is a trade off between accuracy and stability by LQG. It can be adjusted
by changing the parameters. All the programmes are under the graphic user interface.

This makes the clock steering system easy to understand, to observe and to operate.

The performance of the steering system can be further improved by implementing e.g.
an adaptive Kalman-filter. The artificial neural network or fuzzy theory can make the
Kalman filter adaptive. The system parameters can be updated automatically during the
operation. It’s also possible to develop an ensemble clock system. Such a multi-clock
system enables a better reliability. The key feature of ensemble clocks is the dynamic
weighting. If one or more clock doesn’t work properly, its(their) weighting will be reduced.

Using the above mentioned ideas, it’s possible to build a precise and reliable time scale
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6 Summary

with the commercial frequency standards.
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APPENDIX
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A Symmetric Matrix

If A is a square matrix and B is symmetric matrix, then ABA” is also a

symmetric matrix.
Proving;:
Let D=A-B- AT

This means:

/ /
a/ll DY DY DY a/ln bll “ . DY DY bln all DY .« e “ e anl
/
Qi ;i bii bij g aj;
. : . .
.. / ... /
Qji ajj bji bjj a;; aj;
/ !/
anl Ann bnl bnn aln e a,.,
Let C=A-B

Cjz‘:ajl'b1i+"'+aji'bii+"'+ajj'bji+"'+ajn'bni

SoD=C-AT
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Similar we get:
n

!/
Dji=Y cji-aj

=1

=Y 1O ajk - bu) - apy)

=1 k=1

=31 ajk - br) - ai)
1

=1 k=

= > (ak by - ax)

=1 k=1

:_i_a]szyazy_i_

n n

Dij =Y (- bu - ajn)

=1 k=1

Because B is symmetric matrix, so by = by;.
So: Dij = D]z

So: D is symmetric matrix.
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B Additional Results

Equation (2.51) indicates that the steering policy of the INPL method is determined by
the parameter m and I. 400 combinations are tested, and the one day Allan deviation is
shown in Figure B.1 as a function of m and [. It can be observed that the Allan deviation
is rather insensitive to a broad range of these parameters. In this chapter, m=0.2 and

! = 0.05 has been chosen in all INPL simulations.

0.6
13.325
0.55
05 13.32
0.45 13:315
0.4 13.31
£
8 0.35 +413.305
g
o 0.3 13.3
O
o
0.25 13.295
02 13.29
0.15 13.285
0.05
0.1 0.2 0.3 0.4 0.5 0.60
Parameter |

Figure B.1: Transformed Allan deviation —log;q(oy(7 = 1d)) for different sets (m,1)
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Figure B.2 shows a comparison of Moving Average and Kalman filter. Unlike the Moving
Average smoother presented in Section 3.2, the estimates of the filter are computed here
over the time interval ¢t — 7 and ¢ and referenced to ¢, whereas the estimates of the filter in
Section 3.2 were computed over the time interval ¢t — 7 and ¢t and referenced to t —7/2. The
Kalman filter estimates shown in Figure B.2 were obtained with an adapted process noise
matrix Q which has removed the bias (comparing to Figure 3.10) but has also increased

the noise level of the filter output.

Since the process demonstrates high dynamics, the estimates of the moving average filer
with 24h window are biased. Thus, a longer average time results in a lower noise level
but an increased bias. This optimum window size is given from a trade-off between noise

reduction and bias reduction.

%107 Reduced measurement noise 0=3-10""

3.95+

3.9

3.85

3.8

3.756

3-? _: " .'1' ‘c |

Time Difference Measurement in seconds

Time difference measurements

} —+—— Moving Average 1 h
365+ -

Moving Average 24 h
—=—— Kalman filter estimate
36 - Il ! 1 L ! 1 L 1 1 =
60 60.2 60.4 60.6 60.8 61 61.2 61.4 61.6 61.8 62

Time in days

Figure B.2: Comparison of Kalman and Moving average filters
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C List of Abbreviation

DLR: Deutsches Zentrum fiur Luft- und Raumfahrt

-Germany Aerospace Center

PTB: Physikalisch-Technische Bundesanstalt

- The national standards laboratory of Germany
GPS: Global Positioning System

UTC: Coordinated Universal Time

MPS: Micro Phase Shifter

FTP: File Transfer Protocol

PPS: Pulse per Second

INPL: The national physical Laboratory of Israel
LQG: Linear Quadratic-Gaussian control

BIPM: Bureau international des poids et mesures

-International Bureau of Weights and Measures(France)
TWSTFT: Two-way Satellite Time and Frequency Transfer
CGGTTS: CCTF Group on GNSS Time Transfer Standards
CCTEF: Consultative Committee for Time and Frequency
TFL: Time and Frequency Limited

NBS: National Bureau of Standards(USA)

MSE: Mean Square Error
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D List of mathematical symboaols:

D.1 Values related to Kalman Filter

X (k): state estimation

X k/k—1: one-step-ahead prediction

P estimate error covariance

Py /i—1: one-step-ahead prediction error covarince
: steering output

: Kalman Gain

: system noise covariance

measurement noise covariance

measurement

T N®mO =S

: observation model
Wp.: process noise

Vi: observation noise

¢: state transition matrix

I': system noise drive matrix

D.2 Values related to LQG

Vi(2): minimum cost starting from state t
Vn(2): final state cost at state N

Jy: quadratic cost function

w*: optimal control

Q: relative weight of state deviation

R: relative weight of input usage
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D List of mathematical symbols:

D.3 Values related to INPL method

SSD: squared second(the unit of time) difference
?’io(t): predicted frequency offset

Xio(t): predicted phase offset

E,: filtered squared second(the unit of time) difference
W: weight for each clock

N,: weight of exponential filter

X,s: steering phase add to the software phase

Xute: system time respect to UTC

Xsute: the steered output with respect to UTC

Ys: changing rate of the X,

D.4 Other Values

Sy(f): noise spectral density

050 (7): Allan Variance

ho: coefficient for white phase noise

h1: coefficient for flicker phase noise

ho: coefficient for white frequency noise

h_y: coefficient for flicker frequency noise

h_o: coeflicient for random walk frequency noise

Ry (t,7): cross-correlation function between two processes

G’O( f): gain to compute the optimal control
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