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Terminal State Distribution of Continuous-Time
System with Random Disturbance and
Noise-Corrupted Information

Josef Shinar, Valery Y. Glizer and Vladimir Turetsky

Abstract—A first-order partial differential equation is de-
rived for the cumulative distribution function of the terminal
state value in a scalar linear continuous-time system with
random disturbance and noise corrupted measurements. The
system is subject to a saturated linear control strategy. The cu-
mulative distribution functions of the initial state, the estimator
error and the disturbance are assumed to be known. Illustrative
examples are presented.

Index Terms—Ilinear continuous-time system, robust trans-
ferring strategy, noisy measurements, random disturbance,
terminal state distribution.

I. INTRODUCTION

Various real life control problems (including navigation
and interceptor guidance) can be formulated as a problem of
transferring a controlled system by bounded control from a
set of initial positions to a prescribed target set in the state
space at a prescribed time in the presence of noise corrupted
state measurements and unknown bounded disturbance [1],
[2], [3], [4], [5], [6], [7]. In many cases, such a problem can
be transformed by a scalarizing transformation [8], [9] to a
problem of robust transferring to the point (final time, zero)
in the (time, state) plane.

Several classes of deterministic feedback control strategies
that robustly transfer a scalar system from some domain of
initial positions to the point (final time, zero) are known,
assuming perfect state information. The family of robust
transferring strategies includes various linear, saturated linear
and nonlinear strategies [10], [11], [12], [13], [14], [15], [7],
as well as a differential game based bang-bang strategy [16],
[17].

In real life applications, the state information is corrupted
by measurement noise and only part of the state variables can
be directly measured. These facts can lead to significant dete-
rioration in the performance of theoretically robust transfer-
ring strategies. Thus, an estimator, restoring and filtering the
state variables, becomes an indispensable component of the
control loop [4], [5]. Due to the noisy measurements and the
uncertain (random) disturbance the control function receives,
instead of the accurate state value, a random estimator output.
Thus, if a nonlinear transferring control strategy is applied,
the scalar state variable is governed by a nonlinear stochastic
differential equation. Along with navigation and interceptor
guidance problems, stochastic differential equations arise in
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economics, finance and some other applications (see, e.g.,
[18], [19] and references therein).

Since the state variable is a solution of a stochastic
differential equation, its terminal value becomes a random
variable with an a-priori unknown probability distribution.
In order to appreciate the performance deterioration of a
deterministic robust transferring strategy by using such a
stochastic data, the probability distribution of the terminal
state value has to be found.

Analysis and solution of nonlinear stochastic differential
equations are extremely difficult (see, e.g., [20], [21]). There-
fore, in the current practice, the solution of such equations is
obtained by Monte Carlo simulations [22]. In particular, this
approach was applied for evaluating the state probability dis-
tribution in the interception problem with any given system
dynamics, estimator/control strategy combination, specified
disturbance and noise models [5], [6]. Although such a-
posteriori test is absolutely necessary for validation purpose,
it is not useful for an insightful control system design. As a
part of an integrated control system design there is a need
for an a-priori estimate of the system performance. In a
previous work [23] of the authors, the system dynamics was
modeled by a discrete-time scalar linear equation controlled
by a saturated linear transferring control strategy. The use
of saturated linear control strategy was motivated by two
of its features: (i) this strategy has (as a rule) the maximal
transferrable set; (ii) using this strategy eliminates control
chattering. Assuming that the probability distributions of
initial state value and the measurement noise are given,
the distributions of the disturbance in the dynamics and
the estimation error are known as the function of time, a
recurrence formula for the probability distribution of the
terminal state value was obtained. In [24], [25], a first-
order linear partial differential equation for the probability
distribution function of the state value was derived for the
case of a continuous-time disturbance-free system, assuming
known probability distributions of initial state value, the
measurement noise and the estimation error as the function
of time.

In this paper, the method of [24], [25] is extended to
the case where the system dynamics is affected by random
disturbance.

II. PROBLEM STATEMENT
Let z(t) be the state of the continuous-time system

Z=Mh (t)u + hg(t)l], @))
where the control w is chosen in the form
u=u(t,z) =sat (K(t)z), (2)
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1, y>1,
sat(y) =4 ¥, |yl <1, 3)
-1, y< -1,

and v(t) is a random disturbance.
Actually, the state z(t) is not measured accurately, i.e.

u =sat (K (t)(z(t) +n(t)), 4

where 7)(¢) is a random estimation error. Let f,(x,t) denote
the probability density function of z(¢). In [23], this probabil-
ity density function was approximated by fz(tn +1) (), where
2(tn41) = zn41 is the state of the discrete-time system

Zn+1 = Zn + bnun + CnUn, (5)
and to =0, t, =tg+nAt,n=1,..., N,
Un = u(ty) = sat (kn(zn + 1)), (6)

b = Athy(tn), cn = Atha(tn), kn=K(tn), ()
Un = U(tn), M = N(ty). It is assumed that v,, is independent
of z,.

Due to [23], for n =0,1,...,N — 1,

Fottnin o / Funto (& = O funon) (), ®)
where
wi(ty) £ 2(tn) + Athy(tn)utn), 9)
U)Q(tn) = Athg( )U(tn). (10)
fwl(tn,)(m) = fz(tn)(x - bn)
—x—1/kp—bn
et [ @y
—x+1/ky+by
fz(tn)(m - bn) fn(tn,)(y)dy+
1 z+by,
7 | w6 e (= Ans + Bu(@)lds, (1)
x—by,
Ap=1+4—— Bya)= "~ (12)
n — bnkna n T bnk/’n’
1 T
Jws(tn) () = wfv(tn) (Athg(t)> , (13)

the probability density function fz(o) () = f.,(x) of the ini-
tial value of z and the probability density functions f;,¢ ()
of the estimation error and f,,)(x) of the disturbance are
known.

The objective of the present paper is deriving an equation

for f.(x,t).

III. SOLUTION
A. Analytical derivation

Similarly to [24], we derive a partial differential equation
for f.(x,t). For this purpose, let us denote ¢, = ¢, t,4+1 =
t+ At.

First, let us show that

= f.o(@).

By virtue of (13), the convolution equation (8) can be
rewritten as

Alir_fgo fz(t+At) () (14)

fz(t+At)(x) =
+oo
# / _ £ d¢ (15)
AthQ(t) fw1(t)(x f)f’u(t) Athg(t) ’
where, by (11) — (12),
fwl(t)(x) = fz(t) (l‘ - Athl(t))+
a(t,z,At)
fowy (@ + Athy(t)) Iy (y)dy—
B(t,z,At)
oy — Athy (2)) Fooy(y)dy—
a(t,z,At) 5 ( A )
; 1 t; Z, ta Y A
7(t, At) / {f 0 < +(t, At) ) / "“’(y)] W=
B(t,x,At)
g(z,t, At), (16)
a(t,r,At) & —x —1/K(t) — Ath(t), 17)
B(t,z, At) & —x 4+ 1/K(t) + Athy (1), (18)
y(t, At) & Athi(t)K(t) +1, 19)
Si(t,x, Atyy) = o — Athy () K(t)y. (20)

By changing the variable of integration in the integral of

(15)
§

= Atha @)’

21

this equation becomes as:

fettran(@ / Jur ) (= Atha(£)C) fur) (€)dC.  (22)
Due to [24],
A fu ) () = foq () (23)
Therefore, for any ¢ € (—o0, +00),
Jim o, ) (z = Atha(1)C) =
dim g(a — Atha(1)(, 1, At) = Fon(@). (24)

Assuming that

lim
At—0

+oo
/ Forto (& = Atha(6)0) o) (Q)dC =
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—+oo

/ Hm fou o (2 — Atha(6)0) fore) (O)dC,

At—0

— 00

(25)

and by virtue of (22), (24), as well as by the property of the
probability density function, one has

Agmo fz t+At) ( )

e /fw JC = ooy ().

(26)
This proves (14).
Now, let us subtract fz(t) (x) from both sides of (22) and
divide the result by At:

Fottran(@) = fup (@) _

At

“+oo
/ Fortty (& — Atha(8)0) forey(O)dC — fugoy ()

At @7)

Let us calculate the limit of both sides of (27) for At — 0:
due to (16), this leads to

I fz(t+At)(x) - fz(t) (z) N
im =
At—0 At

“+o0

/ 9o — Athy(t)C 1, AL) o (CdC — ooy ()

li .
Ato At
(28)
Due to (14), there is an uncertainty of the — type in the
limit in (28). By using the L’hdpitalle rule, the limit in the
right-hand side is calculated as

+oo

/ g(@ — Atha(8)C, 8, A £ ()¢ — fogny (@)

AI%IEO At -
+oo
. dg(x — Athso()(, t, At)
A, ek @
Note that
dg(x — Athy(t)(,t, At)
dAt N
dg(x — Atha()C,t, At)  Og(x — Aths(£)C,t, At
ey 0l = MG .80 Dot = Athalte ,50)
(30)
Due to [24],
. Og(x,t,At) 0 A
AI?B(JT = [a(xvt)fz(t)(x)} , (3D
where
a(z,t) =
—x—1/K(t) —x+1/K(t)
= hi(?) Inw(y)dy + Iny(w)dy+
—a—1/K(t)
KO [ G@rohod-1]. 6
—x+1/K(t)

Therefore, for any ¢ € (—oo, +00),
Og(x — Atho(t)¢, t, At)

Al OAL
0 .
7 a('rat)fz(t)(x)}- (33)
Now, let us calculate hm M Due to (16) —
At—0 ox
(20): ’
At—0 ox ox
~ —x—1/K(t)
Af () () .
% FoyW)dy—Fa) (@) fr) (2 —1/K(t))—
A —a+1/K(t)
A fa) () R
% / Iney W) dy+Foy () fooy (—2+1/ K (1)) +

fz(t) (x)fn(t)(fx - 1/K(t)) - fz(t) (:I")fT](t) (71’ + 1/K(t))7

af ( ) —z—1/K(t)
2(t)\ &
“or / fn(t)(y)dy (34)
—x+1/K(t)
Note that
—z—1/K(t) —a+1/K(t)
/ I (y)dy — / In (y)dy—
—z—1/K(t)
foty(y)dy =0, (35)
—2+1/K(t)
which, along with (34), leads to
AT or T or (36)
Therefore, for any ¢ € (—o0, +00),
_ of.
i 290 = Atha()C, 6,80 _ 0@ 3o
At—0 or Ox
Assuming that
“+o00
. dg(z B AthQ (t)<7 ta At) _
Jim AL fo)(€)dC =
T dg(n — Atha(H)C,t, At)
. g\r — 2 s Uy
[ dm, al fun Q. (38)
and by virtue of (28) — (30), (33) and (37), one gets
lim Fetran (@) = fae) (@) _
At—0 At
of.
ot 202) / o QS+ o [ale, 1) oy ()]
(39
As in [24], it is reasonable to set
- feran(@) = @) 0f.(x,t)
Aliglo At ot (40)
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Thus, by using (39),(40), replacing in (39) fz(t) (z) with
f2(x,t) and taking into account the definition of mathemat-
ical expectation E,

of:(z,t) 0 Of(z,t
OLD) _ D faga, ) 1o 1))~ Bu) (2200,
This equation is subject to the initial condition

fo(2,0) = £z (2). (42)

Similarly to [24], the integration of the equation (41) with
respect to x from —oo to an arbitrary value z € (—o0, +00)
yields the corresponding equation for the cumulative distri-
bution function F(z,t) of z:

OF,(x,t) OF,(x,t)

—= s = t) — E{v(t)}ha(t )7’

o = (alet) — Bl bha(t) ) =51

The initial condition (42) for f,(z,t) yields the initial
condition for F,(z,t)

(43)

F.(2,0) = / fz0(y)dy. (44)

Remark 1: Commutativity assumption relating to limiting
and integration, applied in (25) and (38), can be replaced
by the assumption that v(t) is a random variable with
bounded support. In this case, the integrals in (25) and (38)
become proper and the operations of limiting and integration
commute.

B. Examples

In this subsection, we present two examples, which were
considered in [23] in discrete time.

1) Constant disturbance: In this case, the evader employs
the constant (deterministic) strategy v(t) = o = const, and
the probability function of ws(¢,,), given by (10), is

0, x< acy,
Foy ) () = (45)

1, x> acy,,

yielding

fus () (@) = 0(z — acn), (46)

where §(x) is the Dirac delta function at = 0. Thus, due
to (8),

fZ(tn+1)(37) = fwl(tn)(sr: —acy). A7)

By using the equalities nAt = t, = t, t,11 = t + At,
NAt = ty, and the equation (7), the equation (47) can be
rewritten as

fz(t+At) (%) = fu, @) (x — aAthy(t)).

Now, based on (48), let us derive the partial differential
equation for f.(z,t).

Calculating limit for At — 0 of both part in (48), and
using (24) for ( = « directly yield the limit equality (14).
Based on this observation, let us calculate the limit

fz(t+At) (ac) - fz(t) (95)

(43)

Alirilo At -
Al%I_I}O N Jwit) (& — althy(t)) — fo(x) |- (49)

0
Due to (48) and (14), there is an uncertainty of the — type

in the limit in (49). By using the L’hopitalle rule and the
equation (16), the limit in the right-hand side of (49) is
calculated as

1
lim

Jim {fwlm(w — althy(t)) — fz(w(f)} =

lim dg(x — aAthy(t),t, At)
At—0 dAt ’
By virtue of (30), (33) and (37) for ( = «, the limit equality
(50) becomes

li !
A%rgo At

(50)

{fm(t)(ﬂf — althy(t)) — fz(ﬂ(a:)} -

2 o) @] — ahaty 220

Now, by using (40), (49), (51) and by replacing fz(t)(:v) with
f=(z,t), one directly has the differential equation

(51

of(x,t)
o
% [a(z,t)f.(z, )] — aho (t)% (52)
Note that
E{v(t)} = «, (53)

i.e. the equation (52) has the form of (41) being its particular
case.

The corresponding equation for the cumulative distribution
function F,(z,t) has the form

% . (a(x,t) — ahg(t)> W’

which (due to (53)) is a particular case of the equation (43).

(54)

FZ(.T.tf}i

0.8- — Theoretic
- - -Monte Carlo

0.6r

0.4-

0.2-

-5 0 5

Fig. 1. F.(x,ty): theoretic vs. Monte Carlo for constant disturbance

In Fig. 1, the cumulative distribution of z(¢;), obtained
by 1000 Monte Carlo runs of the discrete-time system
(5) for v(t) = 0.1, is compared with the solution of
the partial differential equation (43) by using an implicit
finite difference method. In this example, t; = 0.6 s,
t) = amrfexp(~(t; — 1)/m) + (t; — t)/7, — 1],
holt) = a™rfexp(~(t; — /) + (t; — t)/7c — 1],
a,™* =200 m/s?, 7, = 0.2's, a™ =70 m/s?, 7. = 0.2 s,
K(t)=0.01/(ty —t)3; zo ~ N(1,2), n(t) ~ N(0,20 —5¢).
In the numerical solution of the partial differential equation,
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€ [-5, 5], the discretization step w.r.t : Az = 0.05, the
discretization step w.r.t t: At = 0.0003.

It is seen that two curves match very accurately.

2) Bang-bang disturbance with a random switch time: In
this example, the disturbance v(¢) has the form

«, te [Oatsw]a
u(t) = (55)

—a, t€ (tsw,tf),

where the switch time t5,, is random, uniformly distributed
over the interval [0,t¢]. In the discrete model (5), it is
assumed that ¢4, = Atng,, Where ng, can accept any value

from the set {0,1,..., N — 1} with the probability p = —.

N
Let calculate the probability
pr 2 Plwa(ty) = cn). (56)
Due to (55),
p::P(nSnsw)zl—Fnsw(n), (57
where F,,_, () is the probability function of 724,,:
0, <0,
1
N, 0<x S 17
— 2
Fnsw( )_ N’ 1<xS27 (58)
1, x>N-1,
yielding
an(n)z%, n=01,...,N—1, (59)
and, by (57),
n
P =15 (60)

Therefore, the disturbance term ws(¢,,) is a random value

acn,  p=py,

wa(tn) = (61)

—QCp, P= 1- p:rla

where p is the probability.
Thus, the probability function of wa(t,) is
0, z < —acy,
n

sz(tn)(a:) = N —ac, < x < acy, (62)

1, T > acy,.

By differentiating (62), the probability density function is

fws(tn) (@) = %5(1} +ac,) + (1 — %) §(x — acy), (63)

where 0(z) is the 6-function of Dirac at = 0.
Equation (8) along with (63) yields

fz(tn+1)($) =

%fml(tn)(x + ac,) + (1 — %) Jwy(tp) (@ — acy). (64)

By using the equalities nAt = t, = ¢, tp,41 = t + At,
NAt = ty, and the equation (7), the equation (64) can be
rewritten as

~ t
Fat+an)(r) = Efwl(t)(m + alAthy(t))+

(1 _ :f) Fur (@ — aAtha(1). 65)

Now, based on (65), let us derive the partial differential
equation for f,(z,t).

Calculating limit for At — 0 of both part in (65), and
using (24) for ( = —a and ¢ = « directly yield the limit
equality (14). Based on this observation, let us calculate the
limit

i feran (@) = fap ()
1m =
At—0 At

t A
(1- tf) Funi @ — adtho(t)) ~ fop(@)|. (66)
. . 0
Due to (65) and (14), there is an uncertainty of the — type

in the limit in (66). By using the L’hopitalle rule and the
equation (16), the limit in the right-hand side of (66) is
calculated as

(1- ff) furto (& — aditha(t)) — fz@(x)] -

) t dg(z + aAths(t),t, At)
dg(x — aAthy(t),t, At)
1—-— .
(1-5) = @)

By virtue of (30), (33) and (37) for ( = —a and ( = a, the
limit equality (67) becomes

1

dim, 55 [ o+ e+

<1 - ;f) fur (1) (x — aAthy(t)) — fz(t)(x)] =

t <88 [a(z,t) forr) (2)] +ah2(t)w> .

ty
r 0 Az )\ &
(1 - ff) <§c[a(x,t)fz<t><x>] - ah2<t>f§);()> =
¢ - 0 Az )&
% [a($> t)fz(t) ('75)] - atf t 2 ha(t) fé;( ) . (63)

Now, by using (40), (66), (68) and by replacing fz(t)(az) with
f=(x,t), one directly has the differential equation

Of(w,t)
o
a - a z\4y
Sl 0r ]~ Hhn R0 @
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Note that

Exuw}:<1—t>-a+»t~ea):a”“*“

ty tr ty
i.e. the equation (69) has the form of (41) being its particular
case.
The corresponding equation for the cumulative distribution
function F(z,t) has the form

OF.(x,t) o tp—2t OF,(x,t)
S = (ot - ot ) 200

which (due to (70)) is a particular case of the equation (43).

In Fig. 2, the cumulative distribution of z(¢) for a random
switch disturbance (55) with o = 0.1, obtained by 5000
Monte Carlo simulation runs, is compared with the solution
of the partial differential equation (43). All other system and
simulation parameters are the same as in Example 1. It is
seen that two curves match enough accurately.

(70)

(71)

Fz(ib‘,tf)]:

0.8
0.6~
0.4-

0.2

-3 -2 -1 0 1 2 3 z 4
Fig. 2. F.(z,ty): theoretic vs. Monte Carlo for random switch disturbance

3) Random value disturbance: In this example, it is
assumed that for any ¢ € [0,ts], the disturbance v(t) is a
random value, uniformly distributed on the interval [—«, «]:
v(t) ~ U[—a, a]. Thus, in the discrete model (5), the distur-
bance term ws(t,) is uniformly distributed on the interval
[—acy, acy], yielding the probability density function

1
, T € [—acy,acy),
fuwa(ta) (2) = 20¢n (72)
0, x¢[—acy, acy).
The latter, along with (8), leads to
R 1
Fatrin@ = g [ Funlz=9dE @)

or, by using the notation nAt = t,, = ¢, t,+1 =t + At, and
the equation (7),

aAthz(t)
. 1
Jetran (@) = 20Athy () / Jur ) (x = €)d§. (74)
701Ath2(t)

Now, based on (74), let us derive the partial differential
equation for f,(x,t). First of all, let us establish the limit
equality (14). Due to (16), limiting At — 0 in both sides of
(74) and applying the L hopitalle rule lead to

Al%gl() fz(t+At) () =

1 . .
M [Aligo W1 ($, t, At) + AI%IBO W2 (.13, t, At)i| s (75)
where
OtAthz(t) ( )
dg(x — &, t, At
t,z, At) = A 76
Wl( y Ly ) |: dAt :| 57 (76)
—aAtha(t)
Wo(z,t, At) =
aha(t) [g(x — altha(t), 1, At) + g(x + aAths(D), 1, At)} .
(77
Due to (76),
Alir_r)lo Wi(z,t,At) = 0. (78)
By using (24) for ( = —a and ( = «
Jim Wala,t, At) = 2ahs() o (@), (79)

which, by (75), directly yields (14).
Having (14) and based on (74) and (16), let us calculate
the limit

fz(t+At)(x) - fz(t) ()

Aliglo At -
alAtha(t)
9(@ = &1, A)E — 20Aths (1) f. (1) (2)
11m —OLAthg(t)
At—0 20(At)2hy(t) ’
0 (80)
representing the 0 uncertainty. By applying the L hopitalle
rule, A .
i L2eran(®@) — Lw(@)
At—0 At
Wi, t, At) Wa(x, t, At) — 2ahs(t) f.0) ()
im ————= im .
At—0 4althy(t)  At—0 daAthsy(t)
(81)

Note that both limits in (81) represent the 0 uncertainty. By
using the Mean Value Theorem,

- A
Wi (t, 2, Af) = 20Athy(t) WE=EHAD

, (82)
dAt L—&(At)
where B
AI%I—I}OE(At) =0. (83)
Due to (76) and (82),
Wiz, t,At) 1 dg(x — &, t, At)
im — 27—~ = — —_ )
At—0 4aAths(t) 2 At0 dAt e=E(AD)
(34)

Due to (83) — (84), and by virtue of (30), (33) and (37) for
¢=0,
Wl(l',t,At) - 10

Am Galtho(l) 5%[0(%75)12(& ()] (85)

Due to (77), by the second application of the L’hdpitalle
rule, .
Wa(z,t, At) — 2ahs(t) fo ) (2)

A daAthy(t) -
1. dg(x — aAths(t),t, At)
4 Aliglo [ dAt *
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(86)

dg(z + altha(t),t, At)}
dAt '
By virtue of (30), (33) and (37) for ( = —« and ( = q,

. [dg(z — Athy(t),t, At)  dg(x + Athy(t),t, At)]
Al dAt * dAt ] =
9 R
2%[01(‘%715).]82(75)(1.)]7 (87)
i.e.
Wale 1, A1) _ 10 la(z,t) foy ()] (89)

AtS0 daAthy(t) | 20z

Now, by using (40), (SAO) — (81), by combining (85) and
(88), and by replacing f.()(z) with f.(z,t), we obtain the
differential equation

of.(x, 9
% = o~ [a(@ 0L, 0)]. (89)
Note that
E{v(f)} = 0. (90)

Thus, the equation (89) has the form of (41) being its par-
ticular case. The corresponding equation for the cumulative
distribution function F,(x,t) has the form

F.(x,t F.(z,t
OED) _ o, 20)
which (due to (90)) is a particular case of the equation (43).
Remark 2: In all examples, the differential equation for
f=(z,t) was obtained independently of the general derivation
presented in Section III-A. The commutativity of limiting and
integration (assumed in (25) and (38)) was not employed.
In Fig. 3, the cumulative distribution of z(¢ f), obtained
by 5000 Monte Carlo runs of the discrete-time system (5)
for v(t) ~ U[—0.1,0.1], is compared with the solution of
the partial differential equation (43). All the system and the
simulation parameters are the same as in Example 2. It is
seen that two curves match enough accurately.
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Fig. 3. F.(x,ty): theoretic vs. Monte Carlo for random value disturbance

IV. CONCLUSIONS

In this paper, a scalar continuous-time uncertain controlled
system, modeling real life navigation and interception prob-
lems, is considered. The uncertainty (an additive disturbance)
is a random function with a known probability density func-
tion. The state-feedback control is chosen as the saturation

of a linear function of the state variable with a given time-
varying gain. It is also assumed that the state measurement
is corrupted by a random error with known distribution, and
the initial state distribution is known. Thus, the considered
system can be represented by a nonlinear stochastic differen-
tial equation, meaning that the state variable of this equation
is a stochastic function. Assuming that the estimation error
is known as the function of time, the problem of obtaining
the cumulative distribution function of this state variable is
solved.

The solution of this problem is based on previous results
of the authors for a discrete-time system, where a recur-
sive formula for the state probability density function was
derived. In the present paper, by a proper transformation
of this recursive formula and by limiting the time step to
zero, a linear homogeneous partial first-order differential
equation for the state cumulative distribution function is
derived. The coefficients of this equation depend on the
probability density function of the measurement error and
the mathematical expectation of the random disturbance. The
latter is a remarkable feature of the differential equation
for the state cumulative distribution function, meaning that
for two different disturbances with the same mathematical
expectation, we obtain the same cumulative distribution
function of the state variable in the considered stochastic
differential equation. Moreover, if for all time moments, the
disturbance is zero-mean, then the distribution of the state
variable is independent of the disturbance.

Three examples of the system were considered. In the first
example, the disturbance is constant (deterministic). In the
second example it is the bang-bang function with a random
switch moment,uniformly distributed over a prescribed time
interval. In the third example, the disturbance for any time
moment is a random uniformly distributed value. In all
examples, the differential equation for the state cumulative
distribution function is obtained independently of the general
case. It is shown that this equation coincides with the
one obtained from the general case equation by replacing
there the mathematical expectation of the disturbance with
its expression in each of these examples. The numerical
solutions of these equations were compared with the Monte
Carlo simulation results, showing a good enough matching.
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