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Abstract: Since the existing single-layer networked control systems have some inherent limitations and cannot effec-
tively handle the problems associated with unreliable networks, a novel two-layer networked learning control system
(NLCS) is proposed in this paper. Its lower layer has a number of local controllers that are operated independently,
and its upper layer has a learning agent that communicates with the independent local controllers in the lower layer.
To implement such a system, a packet-discard strategy is firstly developed to deal with network-induced delay and
data packet loss. A cubic spline interpolator is then employed to compensate the lost data. Finally, the output of the
learning agent based on a novel radial basis function neural network (RBFNN) is used to update the parameters of
fuzzy controllers. A nonlinear heating, ventilation and air-conditioning (HVAC) system is used to demonsirate the
feasibility and effectiveness of the proposed system.
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1 Introduction

Up to now, networked control systems ( NCS) have been

™) large pressurized

[3]

widely used in car suspension systems
heavy water reactors'>! and mobile robots™! due to their low
cost installation, ease of maintenance and great flexibility.
Most of the existing systems communicate with sensors and
actuators over single-layer communication networks and the
controlled plant is linear. Recently, researches on nonlinear
NCS have attracted significant amount of interests from both
industry and academics. To improve NCS performance, some
learning control algorithms have been proposed. For in-
stance, a previous cycle based learning ( PCL) method was
incorporated into networked control for a nonlinear system,
and the convergence in the iteration domain could be guaran-

teed™!.

(DW) , a novel fuzzy logic method was proposed to calculate

With the delays estimated by a delay window

LQR parameters online””’, which could not only save the
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power of control node but also improve system performance.
For a nonlinear NCS, conventional modelling and control
methods may be difficult to apply as the adverse effects of
network-induced delay and data packet loss make the control
of a nonlinear plant more complicated. Although learning
control is able to improve control performance by online min-
ing of valuable knowledge and potential laws, accumulating
experience and adapting to environments, it is difficult to de-
sign and implement such control strategies using embedded
controllers or program logic controllers ( PLC) due to high
computational complexity in a typical NCS. However, two-

layer networked control systems'®”!

can provide a solution for
the implementation of learning strategies due to strong com-
putational ability of the upper ( second) layer controller.
Motivated from the above observations, a novel two-layer
NLCS is investigated in this paper. Comparing with a typical
NCS, the proposed system is characterized by two-layer net-
work , local controller,learning agent, and complex plant.

The rest of this paper is organized as follows. Section 2
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describes the two-layer networked learning control system ar-
chitecture , and a discard-packet strategy is proposed and cu-
bic spline interpolation is used to compensate data packet
loss. Self-learning fuzzy control algorithm based on a novel
RBF network is introduced in Section 3. In Section 4, simu-
lation results are given to show the feasibility of the proposed
system. Finally, a brief conclusion and future work are given

in Section 5.
2 Two-layer networked learning control system

2.1 Introduction of two-layer networked learning con-
trol system architecture
Fig. 1 shows the proposed two-layer networked learning
control system architecture, which aims to achieve better
control performance, better interference rejection and better
adaptability to a dynamic environment.
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Fig. 1 Two-layer networked learning control system

In this design, local controllers communicate with the sensors
and actuators that are attached to the plant through the first lay-
er communication network called L1C, typically some kind of
field bus dedicated to real-time control. Local controller also
communicates with computer system, which typically functions
as a learning agent through the second layer communication net-
work called [2C. This network is typically some kind of existing
local area network, wide area network (WAN) , or possibly the
Internet. Control signal traffic at 12C shares the available net-
work bandwidth with other data communications. This general
architecture can be used in many industrial applications for dis-
tributed plants. For example, an industrial process control sys-
tems such as SIMATIC PCS 7 process control system where a
number of embedded controllers or PLC through L1C control a
number of sub-processes or units, and supervisory computers
through I12C co-ordinate various low-level control actions car-
ried out by local controllers.

2.2 Characteristics of two-layer networked learning
control architecture

Since network-induced delay and data packet loss are

unavoidably introduced into L2C, strategies were deployed to
deal with both shori network-induced delay "’ and long net-
work-induced delay™®’. As shown in fig. 1, L1C uses typi-
cally some kinds of field bus so that network-induced delay
and data packet loss can be minimized. A local area network
is used as L2C. The sensor node was sampled periodically,
and the sampling period was h =15 ms. The characteristic of

the network-induced delay is illustrated in fig. 2.
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Fig. 2 Network-induced delay from a local controller

to the learning agent

It is well known that the network transmission may be un-
reliable and data packets can suffer from network-induced
delays, out-of-order, in the worst situation, they can be lost
during the transmission pathway. Those cases are illustrated
in fig. 3. The time instants at which the data packets reach
the learning agent are random due to the random nature of
network-induced delay. Let T¢ denote those instants relative

to initial time, where the subscript ‘i’

is the serial number
of the data packet received by the learning agent and the su-

perscript ‘I’ means the learning agent. Note that we have

T!

', >T.. Therefore, corresponding to the arrival data pack-
ets by the learning agent, there exists a serial pairs {y (i),
T}, where ‘y(i)’ is a subset of {y(k)}. Several methods
have been proposed to deal with packet loss. A zero order
holding (ZOH) at the receiving side of a communication me-
dium was used™’, i.e., when an actuator or sensor fails to
access the medium, the value stored in a ZOH is fed into the
plant or controller (y(i) =y(i—-1)). A value of zero was
fed into the plant or controller when an actuator or sensor fails
to access the medium (y(i) =0), which however was inap-

propriate due to the real system output unequal to zero'™'.

Casel:Network- Case2:Packet Case3:Data
induced delay Out-of-or der Packet loss
Local controller [ >~ [™=~. P>o  [o=- b b, t\‘
. S N 1) |
LearingAgent [N I} Nt L

(eDh ki (eF)h (K2)h (k+3)h (k) (k+5)h
Fig. 3 Timing diagram
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2.3 Discard-packet strategy
Unlike the above methods that deal with network-induced

delays and data packet loss separately, we take into account
network-induced delays, data packet out-of-order and data
packet loss within one framework. It is well known that in
many control strategies, only the ‘newest’ data points are
used to achieve best control performance and guarantee the
system stabilization. Therefore, it is fairly reasonable that a
long delayed data packet and out-of-order data packet, even
when it finally arrives, should also be ignored. Then, a data
packet processing strategy, namely discard-packet scheme,
is used in the paper. Here, if a data packet is unable to ar-
rive at the learning agent within the corresponding sampling
period, it will be discarded. This strategy treats long delayed
data packets and out-of-order data packets as packet loss
such that the ‘ newest’ data are used. Furthermore, to com-
pensate the data packet (y(i)) loss and improve the control
performance, a cubic spline interpolator,y (i) =y (i), is
designed.
2.4 Cubic spline interpolator

A cubic spline!" is a spline consisting of piecewise cubic
polynomials g (x) that interpolates a real-valued function f
(x) at the points x, <x, <+ <x, where the values of f(x)
are known. So, we construct g (x) on each interval [ x,,
%;,,],1=0,+,N—1,as a cubic polynomial ;

V(%) =co; +ey, (5 —5,) +e,(x=%,) +ey,(x—-x,)° (1)

Once we find the coefficients ¢;,,j=0,--+,3; i =0,---,
N -1, we can evaluate g(x) for any point x in [ x,,%y] .

To guarantee g(x) to be continuous on [ x,,xy ], it is as-
sumed that ;

Vi (x;) =V (x) =fi (%), i=1, N (2)

Each V,(x) is interpolated at only two points. Since a cu-
bic polynomial can interpolate a function at four points, we
have freedom remaining in choosing V,(x). To make use of
the freedom, further constraints are imposed such that V,(x)
must agree with V,_, (x,) in both slope and curvature;
that is:

Vi(x) =V (%), i=1,,N-1 (3)

V'i(x) =V"_ (%), i=1,---,N-1 (4)

We assume that curvatures k; at x; and &, ,, at x,,, be param-
eters of V,(x). Since V;(x) is a cubic polynomial, V"';(x) is a
linear polynomial constrained such that V', (x;) =k, and
V' (%,,) =k;y, i=0,--,N=1. That is;
% x-x;

V' (x) =k T g (5)

Xiv1 —%; Xiv1 =%

* % & 28 %
Integrating (5) , we have:
k ox. . — k. —x.)?2
V'i(x) — _ Xis1 x + z+1(x xz) +ai (6)
2%, —% 2 %y

Integrating (6) and then using (2) , we have:
k; (%, _x)3 ki (% _xi)3
+

Vi(x) = - 6 %, -x 6 x, -2, +4; (%, —x) +
Bi(x_xi)y i=0y“'9N_1 (7)
. k.
WhereAi =M __l(xi+1 _xi)7i =07”'7N_ 1;
i1 — % 6
=f(xi+1) _Iﬂ

B,

T —x 6 (%, —%;),i =0, ,N-1.
Applying the constraint given by (3) yielding;
ki (%, =%, ,) +2k, (%, —x,1) +k (5,4,

o[ o) o) _fi3)

Xiv1 —%;

i

_xi) =

i_l)],izl,...,]v_l (8)

Xi =Xy

Equation (8) reprensents a system of N —1 linear equa-
tions with N + 1 unknowns k,,i =0,---, N. Obviously, if the
boundary conditions at the endpoints x, and x, are given,
(8) can be solved, thus the coefficients c;; of V,(x) in (1)
can be found, which in turn construct our interpolator g(x).
If cubic spline interpolation has no boundary conditions,
then the not-a-knot end conditions are commonly used. This
is equivalent to assuming that the first two cubic polynomials
equal in the cubic derivative, in the mean time the last two

cubic polynomials also equal in the cubic derivative.

3 Self-learning fuzzy control algorithm bas-
ed on a novel RBF network

In the proposed NLCS, local controllers use fuzzy control
strategy while RBFNN based FRA is employed in the learn-
ing agent. The algorithms of each component are explained
as follows respectively.

3.1 The fuzzy controller

The fuzzy controller is described in the form of an analyti-
cal formula'! instead of common fuzzy rule tables, that is:

u(t) =a(t)b()E(t) +[1 -a(t)]b(t)EC(t) +
[1-b(¢) JER(2) (9)
where E(t), EC(t)and ER(t) denote the fuzzy variables
corresponding to their crisp variables, control error e (t),
change in error ec(t) =e(t) —e(t—1) and acceleration er-
ror er(t) =ec(t) —ec(t—-1);a(t)and b(t) €[0,1] de-
note the tuning parameters between E (t), EC (t) and
ER(t). The fuzzy variables and their corresponding crisp
variables differ in the transformation factors relating to their

universes of discourses. Contrary to common approach, the
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all universes of discourse are considered continuously in this
study.
3.2 RBFNN based on FRA

A schematic of the RBF network with n inputs and a scalar
output is depicted in fig. 4. Such a network implements a

nonlinear mapping according to

fi(x) = w, + Zwiui (10)
i=1
where w, is the biasing term; u; is the i-th hidden unit out-

put;w,,0<<i<<n,, are the weights between the hidden layer

and the output layer;c, ,0 <i<n, are known as the RBF cen-

tres; and n, is the number of centres.
é( Il x-c;l)

Fig. 4 Radial basis function network structure

The choice of nonlinearity ¢( * ) is not crucial to the per-
formance of the RBF network. The thin-plate-spline function
and Gaussian function are two typical choices. In this paper,

¢( + ) is chosen to be the Gaussian function, that is:
(x_ci)T(x_ci)
w=(x-c ) =ep| - =] (1)
g;

where ¢ ( + ) is a Gaussian function from R to R™,
|| + || denotes the Euclidean norm, x € R" is the input vec-
tor, ¢, = (¢, ,c,, ", ¢, )" is the cenire of the i-th hidden
node, o, is the i-th hidden unit spread factor.

The RBFNN with scalar output (10) can be viewed as a

special case of the linear regression model

M

y(t) = ;Pi(t)& = e(t) (12)
where y(t) is the desired output; @, are the parameters; p,
() are known as regressors, which are some fixed functions
of x(t). It is apparent that a hidden unit output u; corre-
sponds to a regressor p;, (t). The error signal ¢ (t) is as-
sumed to be uncorrelated with the regressor p,(¢). Fort =1
to N, (12) is arranged in the matrix form,

y=pO+E (13)
where y = [y (1), -, y(N)1",p = [p;,,py 1,0 = [ p;
(1), p (N 1<isSM;0=[6,,,0y]";E =
[e(1),-,e(N)]".

The performance of an RBF network critically depends up-

on the chosen centres. Thus the problem of how to select a

suitable set of RBF centres from the data set can be regarded
as an example of how to select a subset of significant regres-
sors p,(t) from a given candidate set P. In general, the or-
thogonal least squares (OLS) ™) algorithm was used to se-
lect a suitable set of centres (regressors) from a large set of
candidates, however a fast recursive algorithm will be em-
ployed to select the centres in this paper. Comparing with
OLS, FRA is characterized by its better numerical stability
and less computation time"*"),

Firstly, we define a matrix ¢, € R"** | which contains the
first k£ columns of the regression matrix P in (13), resulting
in the model of the form:

y=¢0,+e (14)
where y = [y(1) -y (M) 1"sby = [prr2p, ] 10 = [0,

=,0,1";e=[e(1),,e(N)]".

A cost function can be defined as:
N k
J, = Zf (y - leiei)z = (y _¢k@k)T(y _¢k@k)
(15)

If the matrix ¢, is of full-column rank, the least-squares

estimation of the regression coefficients in (14) is given by

0,=(did.) Py (16)

To achieve a fast selection of model terms, we define a re-

A
cursive matrix M, =——=q,¢p,. Then (16) can be rewritten
as follows
0,=(M,) "¢,y (17)
From (15) and (17), the cost function becomes
J.=¥'y -O.ply (18)

Next, a recursive matrix R, e RV k=1,--- M.
A _
R, =I-¢pM, ', (19)

A
where ¢, ,k=1,---,M is of full-column rank, and R, =I.
The matrix R, is a residue matrix. Suppose {P;,i=1,--,
M} in P are mutually linearly independent, whose properties

are given as follows;

PO . L (20)
PraRPLiy

RZ=Rk7(Rk)2 =R, (21)

RR =RR,=R,, k=j (22)

Rp,=0,YVie{l,- Kk} (23)

Substituting (19) into (18), the result is:

J, =yTy ‘ék(,kay =yTRky (24)

Then, using (20) and (24), we have:
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T TpT
YRp,.P: i Ry
Joo =Y'R,,y=J, —— =
kt ke g p’lf+1Rkpk+l (25)
Jo=y'y
Furthermore , we define;
A A
Pi(k) =Rkpi;pi(0) =Rp,=p;;i=1,- ,M;k=0,1,

M (26)
Consider (21) and (26), (25) can be rewritten as fol-
lows:

8 = = (2D (B2 P sk =0, 0 -1

(27)

Equation (27) expresses the net contribution of term P, ,,

to the cost function when it is included in the model. To fur-

ther simplify the computational complexity, two new quanti-

ties are defined :

E-1)\T. (k-1)
) D; H

A A
ak,i=(pl(c al,i=I”fpi H

AL A 28
a,,=(p* ") ysa,,=ply; (28)

i=k, - M;k=1---M
Using properties of the matrix R, and the definition of p
in (26), (28) can be simplified as follows;

(k)

i

k-1

a,, = PIP,' - z (aj,kaj,i)/aj,j

| 09)

Ay, = I’Iy - Zl, (aj,kaj,y)/aj,j
Using (29), it follows that:

k
y'p” =y'p - Z (a;,0,:)/a;
[ (30)

k
(p")'p" = (p)'p: - Y, () /a;
j=1
Finally, substituting (30) into (27), the term p,,, k =0,---,

M -1 1o the cost function can be explicitly expressed as:

k
2
(Y'Pin - 21, (af,yaf,kﬂ/af,f))
6Jk+1 == = k
(Pk+1)TPk+1 - 21, (a]?,kﬂ/aj,j)
=

Equation (31) computes the net contribution of every

(31)

candidate. Then the centres are selected one by one with the
cost function being maximally reduced each time. The proce-

dure is terminated at the Ms step when:

Ms
1- ;[err]j <p

where 0 <p <1 is a chosen tolerance. This gives rise to a

(32)

subset containing M, centres ( significant regressors ).

After the cenires of RBFNN were determined, the weights
between the hidden layer and the output layer could be com-
puted. First, both sides of (17) are multiplied by ¢, :

$.0, =6, (M,) '$iy=(I-R)y=y-Ry  (33)
Next, multiplying both sides of (33) by (P;:_l) Tand u-
sing (33) to produce;

k
S 0.(p) ' = (p7)Tysj =1,k
i

Finally, using (29) and (34), it follows from (34)
that ;

(34)

k
0, = (a, = Y, 0a;.)/a;;5 j=k,k=1,-,1(35)

i=j+1

Using (35) , the weights between the hidden layer and the
output layer could be then derived.
3.3 Self-learning algorithm for fuzzy controller

The index of control errors is considered as follows:
N

J. = Z[r—y(t+1):|2/2

=1

(36)

where r and y(t +1) denote the desired regulated value and
the output of the plant respectively.

Assuming that the RBFNN parameters are known variables
that have been obtained off-line or by the last one-step learn-
ing result. The following equations are used to modify the

tuning parameters a(t) and b(t).

a(t+1) =a(t) +Aa(t) (37)
b(t+1) =b(t) +Ab(¢t) (38)
Aa(t) = -h,(3]./8a(t)) (39)
Ab(t) = —h,(8J,/9b(¢)) (40)

learning factors are h,,h, € (0,1).

aJ,/0a(t) =[r—-y(t+1)][oy(t+1)/da(t)] =
[r-e-y(@+1)][ay(t+1)/9a(s) ] =[r-y(t+1)] -
[ay(t+1)/0a(t)] (41)

ay(t+1)/0a(t) =[of./ou(s) 1[ou(t)/da(s)] (42)

du(t)/0a(t) = =b(t)[E(t) —EC(t) ] (43)
where 9g/9a (t) is neglected;e =y(t+1) —y(t+1).
Similarly ;

8J,/0b(t) =[r—y(t+1)][ay(t+1)/0b(¢) ] =
[r-e-7(t+1)1[a5(t+1)/b()] =[r-y(t+1)]
[ 7(t+1)/ab(1) ] (44)

ay(t+1)/0b(t) =[af/ou(e) ][ ou(s)/ab(t)] (45)

u(t)/9b(t) = = [a(t)E(t) + (1 —a(t))EC(t) -

ER(1)] (46)
where dg/9b(t) is neglected. And then:
AR AN Y
au(t)  om  ow ox, A iox,
_ 2 wu,; (%, 2_ ) (47)

=1 o,
Equations (37) ~ (47) form one-step self-learning algo-
rithm for tuning parameters a(z), b(t) of the fuzzy controller
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in a controlling period, essentially, which implies to regulate

the fuzzy control rules as a human operator does in real-time.
4 Simulation results

In order to investigate feasibility of the proposed scheme,
a HVAC system'"’ is considered, which is shown in fig. 5.
The states of the system are input and output temperatures of
air and water, and the air and water flow rates,T,,,T,, ,T,.,
T...f.+f.- The control signal ,C, affects the water flow rate.
The variablesT,,,T,.;, and f, were modified by random walks
to model disturbances and changing conditions that would oc-
cur in actual heating and air conditioning systems. The
bounds on the random walks were 5 C<T,<6 C,7 C<

T,.<78 C and 0.7 kg/s<f, <0.9 kg/s.

T. Airin
" temperature Tao
[, Air flow Air out
temperature
[
wWa'er tin T,
rature
—_— mperatu Rv4 € Control
I "_ signal
fw Z:va l
‘Water out
Water flow temperature

Fig. 5 Schematic diagram of heating,

ventilation and air-conditioning systems

Based on the control scheme shown in fig. 1, the experi-
ments on controlling the output temperature of air have been
performed. More detailed implementation can be briefly out-
lined here.

(1) Shanghai University campus-wide network was used as
the second layer network in the experiment. TCP/IP sockets
are used for communication between nodes. The two loss
rates of data packet, 3.64% and 6.36% , were separately
considered, and the discard-packet strategy had been em-
ployed in the experiment.

(2)Five cases were considered in our experiments;

Only local controller ( fuzzy controller) was used to control
the HVAC system;

The HVAC system was controlled by a two-layer net-
worked learning control system with a cubic spline interpola-
tor under 3.64% loss probability ;

The HVAC system was conirolled by a two-layer net-
worked learning control system with a cubic spline interpola-
tor under 6.36% loss probability;

The HVAC system was controlled by a two-layer net-
worked learning control system with ZOH under 3.64% loss
probability ;

The HVAC system was controlled by two-layer networked

learning control system with ZOH under 6. 36% loss proba-
bility.

(3) Inputs to RBF neural networks were C(¢t), T, ,f.,
T.,T,,T,. Every step learning results of RBF neural net-
work were used to tune the parameters a(t) ,b(¢) by using
Equations (37) ~ (47).

(4) The output u(¢) of fuzzy controllers was a normalized
control value ranged from 0 to 1 to specify flow rates from
minimum to maximum of the allowed values. This normalized
control signal was converted to the control signal for the mod-
el C(t) =1400 -730 u(t) . The control signal C(¢)
ranged from 670 (for the maximal opening position) to 1 400
(for the maximal closing position) .

(5) The initial value of the parameters a(t) ,b(t) were
0.7 and 0. 6 respectively. The learning factors h, and h,
were given at 0.01 and 0. 01 respectively. During the centre
selection in RBFNN an appropriate tolerance p was given a
value of 0.01.

The disturbance trajectories for T, T,,,f, were illustrated
in fig. 6. With real-time learning of RBFNN for HVAC sys-
tems, the parameters a(t) and b(t) of the fuzzy controller
were adaptively modified as shown in fig. 7 and fig. 8, re-
spectively. Then, control signals with tuning parameters
a(t) and b(t) were demonstrated in fig. 9. Finally, the out-

put temperatures of air were shown in fig. 10.
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Fig. 6 Disturbances

L5 — Fixed parameter value a(f) only fuzzy controller
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= =6.36% loss rates of data packets with interpolator
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Fig. 7 Tuning parameters a(t)
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Fig. 8 Tuning parameters b(¢)
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Fig. 9 Control signal (C(t))
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Fig. 10 The output temperature of air (T,,)

From fig. 6 to fig. 10, the following results could be ob-
served.

Comparing with the fixed parameter values, the self-learn-
ing algorithm for fuzzy controllers successfully tuned the pa-
rameters a(¢) and b(¢) every step, based on learning re-
sults of RBF neural networks in fig. 7 and fig. 8.

According to fig. 9, it is found that the control signal a-
chieves the maximal opening position at initial stage, and
then the stable opening position and slightly tunes to reject
the disturbance in the stable stage. However, after achieving
the set value of the output temperature of air, the control sig-
nal fluctuates strongly to reject the disturbances only by fuzzy

controllers, which cannot fulfil the needs for higher quality

control performance shown in fig. 10.

Comparing the output temperatures of the air under five
cases in fig. 10, the control performance by the proposed
two-layer networked learning control system were better than
the control performance by fuzzy controllers alone. The con-
trol performance by using a cubic spline interpolator was bet-
ter than the control performance by ZOH.

It should be noticed that the proposed scheme has not only
produced superior control performance by cubic spline inter-
polator compensation, but also achieved better interference

rejection for the disturbances T,,,T,, ,f..

5 Conclusions

This paper presents a two-layer networked learning control
system to deal with the problems associated with network
transmission, such as unreliable data packets, network-in-
duced delays, and in the worst situation, data lost. A novel
RBFNN was employed in the upper layer for a learning agent
to dynamically tune the parameters of fuzzy controllers in the
lower layer. The effectiveness and online learning capabili-
ties of the proposed system were demonstrated with experi-
mental studies of a HVAC system. In the next stage of our
research, the proposed system will be implemented in a real

system to further verify its robustness and performance.
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