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In this letter, the nonlinear identification problem for distributed in-network systems using diffusion
based adaptation is addressed. The contribution is threefold: First, a so-called power diffusion algorithm
is proposed that adopts integer powers of the input as regressors, as a means to improve identification ac-
curacy with low computational complexity. Second, a modified version of the power diffusion algorithm,
termed as power Levenberg diffusion (PLD) algorithm, is developed based on the Levenberg gradient de-
scent (LGD) method to further improve performance. Finally, a new self-regularization (SR) strategy for
the PLD algorithm is proposed to overcome issues with parameter selection during adaptation. The sim-
ulation results for in-network distributed nonlinear system identification reveal that the newly proposed
algorithms can provide superior performance when compared to existing algorithms.
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1. Introduction

In recent years, distributed adaptation schemes have received
considerable attention, as they offer an efficient and robust means
to estimate the parameters of a physical system from noisy mea-
surements obtained through a network of sensors [1]. Compared to
other distributed strategies, the diffusion techniques can achieve a
stable behavior regardless of the network topology [2], which is
seen as a key advantage and has motivated several applications,
such as: classification [3], frequency estimation in power networks
[4] and spectrum sensing [5]. Diffusion algorithms have also been
developed for distributed in-network system identification, mainly
assuming a linear structure while preserving the conceptual sim-
plicity of the classical linear adaptive filters. These algorithms in-
clude the diffusion least mean square (DLMS) [6-8] and diffusion
recursive least squares (DRLS) [9,10].
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It has been reported that the conventional DLMS algorithm is
not effective when nonlinearities are present in the distributed in-
network system model. The nonlinearities are usually contributed
by the system itself, i.e., nonlinear relationship between the sys-
tem’s input and output [11]. A few nonlinear diffusion algorithms
have been introduced recently to improve the nonlinear model-
ing capability under such circumstances. In [12], a cost-effective
framework for diffusion algorithm was proposed, which suggests
that even in cases where the system is linear, the adaptive learning
technique should be nonlinear. A diffusion kernel LMS algorithm
was proposed as a suitable candidate for distributed in-network
nonlinear system identification in [11,13]. However, the complex-
ity of this scheme grows linearly with the number of processed
observations, which hinders its practical applications. The nonlin-
ear Volterra diffusion algorithm [14], which is based on second-
order Volterra (SOV) series, can yield a small kernel misadjust-
ment as an effective nonlinear identification approach. Another
recently reported nonlinear diffusion adaptation scheme is the dif-
fusion interpolated Volterra (DIV) algorithm, which can signifi-
cantly reduce computational complexity and maintain robustness
against impulsive interference [14]. These nonlinear Volterra dif-
fusion algorithms with logarithmic least mean pth-power (LLMP)
adaptation have potential applications in the area of distributed
wireless sensor networks, where investigations reveal that the
communication process is often plagued by nonlinear distortions
and impulsive interferences at the node level [14].
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The nonlinear diffusion algorithms discussed above are derived
using the steepest descent method, which guarantees their con-
vergence but at the price of a relatively long convergence time.
The convergence rate of gradient descent type algorithms can be
enhanced by using the Levenberg gradient descent (LGD) method
[15,16], which combines the properties of the steepest descent and
the Gauss-Newton methods. When the current solution is far from
the exact one, LGD behaves like a steepest descent method and
provides slow, but guaranteed convergence [16]. When the cur-
rent solution is close to the correct solution, it becomes a Gauss-
Newton method and achieves fast convergence. Because of these
remarkable properties, LGD provides an effective search method
for nonlinear systems and in recent years, LGD-based learning al-
gorithms have received significant attention [17-20].

In this paper, to improve the performance of existing diffusion
algorithms for distributed in-network nonlinear system identifica-
tion, we first propose a so-called power diffusion algorithm, moti-
vated by [21,22]. By adopting integer powers of the input as regres-
sors, the proposed algorithm offers improved capabilities in terms
of both convergence rate and implementation complexity. Second,
a modified version of the power diffusion algorithm, termed as
power Levenberg diffusion (PLD) algorithm, is proposed that com-
bines the former with the LGD search method. The computational
cost of the PLD algorithm is higher than that of the power diffu-
sion algorithm, but it significantly reduces the steady-state misad-
justment. As a last contribution, we further propose a new self-
regularization (SR) strategy for the PLD algorithm to overcome the
difficult selection of internal algorithm parameters during adap-
tation. Through simulations, we show that the proposed algo-
rithms achieve better performance than the conventional DLMS
and Volterra diffusion algorithms for nonlinear system identifica-
tion.

The rest of the paper is organized as follows. In Section 2, we
formulate the problem of distributed in-network nonlinear sys-
tem identification based on the diffusion strategy. In Section 3, we
present the proposed power diffusion and PLD algorithms in de-
tail. In Section 4, the new SR scheme for the PLD algorithm is de-
veloped. Simulation results and accompanying discussions are pre-
sented in Section 5. Finally, Section 6 concludes this work.

2. Problem formulation

Let us consider a network of N sensors or nodes, indexed by
kef{l,..., N}, which are distributed over some geographical area.
The neighborhood of node k, i.e. the set of nodes linked to k by a
direct communication path, is denoted by W, (including k itself). At
every time instant i € N, every node k has at its disposition an ob-
servation {x,(i), di(i)}, where x, (i) e RM*! denotes a data regressor
vector, whose entries may be related in a nonlinear fashion to the
inputs of the unknown nonlinear system under consideration, and
di(i) € R is a scalar measurement representing a noisy output from
this same system. The system output at node k can be represented
by

di (i) = hipX () + Vi (D) (1)

where hope € RM*1 s the parameter vector of the system, (-)T de-
notes transposition, and v (i) e R is the additive measurement
noise. Define the error signal at node k as

ex(i) = di (i) — yi (i) (2)
where y, (i) = h{(i — 1)x,.(i) is the local filter output and h, (i —1)
is the estimate of hopt at time i — 1. Below, we briefly recall the
distinguishing features of the DLMS and Volterra diffusion algo-
rithms, which provide the starting point for this work.

DLMS algorithm [6]: This algorithm seeks to minimize the cost
functions Jl°¢(h) = Ylen, akE(e? () at every nodes k, where E(-)

denotes statistical expectation. Its update equations, obtained by
incorporating the LMS into the diffusion scheme, are given by!

@, () =h(i—1) + ux(i)e,(i) (adaptation)
h, (i) = l% a9, (i) (combination) (3)

where p is the step size (learning rate), x;,(i) =[x (i), x,(i—
1).....x%3d =M+ D], and (i) is the intermediate estimate at
node k and time i. The weighting coefficients {a;;} are real non-
negative numbers such that a;, =0 if [ ¢ A.

Volterra diffusion algorithm [14]: In the quadratic case, this algo-
rithm can be interpreted as a nonlinear extension of DLMS, with
expanded input and coefficient vectors at node k defined as

X(0) 2 [x (), .. x (= L+ 1),
X2(0), % (Dx (i = 1), ..., 23— L+ D] (4)

by () = [hy1(0), g (1), g (L= 1),
hk.2(09 0)! hk.Z(O? 1)7 RRE hk,Z(L_ 1’L_ 1)]T (5)

where hy;(m;) and hy,(my, my) respectively denote the first and
second (triangular) Volterra kernels at node k, the kernel lag pa-
rameters 0 <mq <mj <L, and L denote the length of the linear
kernel, and the length of the SOV filter can be calculated as M =
L(L + 3)/2. While the adaptation and combination rules in (3) can
be applied here, an alternative form of adaptation based on an im-
proved cost function that is robust to impulsive noise is considered
in [14].

3. Proposed algorithms
3.1. Power diffusion algorithm

In this section, the power diffusion algorithm is proposed,
which can be regarded as a specialized form of the Volterra diffu-
sion algorithm where the DLMS adaptation and combination rules
are exploited. In particular, the input regressor vector of the power
diffusion algorithm at node k is expressed as

(i) = [xe (D). 5 (), ... ¢ (D] (6)

which is a memoryless nonlinear vector function (i.e., finite se-
quence of integer powers) of an instantaneous scalar input x(i).
The corresponding weight vector at node k is given by

(i) = [y 1 (D), by 2 (). (DT (7)

which is updated based on the adaptation and combinations rules
in (3).

The main difference between the proposed power diffusion and
Volterra diffusion algorithms is that the former does not include
past measurements and related cross-terms in the power series
expansion used to model the system output. In effect, the under-
lying motivation is to trade-off memory for nonlinear modeling
capability: for a given length of coefficient vector, a higher order
of non-linearity can be modeled without increasing computational
complexity. Thus, if prior knowledge about the unknown system is
available, the order of non-linearity can be adjusted (possibly dif-
ferently at each node) for improved performance compared to the
DLMS and Volterra diffusion algorithms, as illustrated in Section 6.
Besides, due to the memoryless nature of regressor vector x;(i), the
temporal correlation properties of x,(i) have limited impact on the
convergence rate of the algorithm (see the proof in [23]). Indeed,
when moments of the type E[xk(i)xlT(j)] with i#j are considered

T In this work, we focus on the adapt-then-combine (ATC) implementation of the
diffusion strategy, which has been shown to outperform the combine-then-adapt
(CTA) implementation [6].
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in the convergence analysis, the various entries in these matrices
decorrelate at the same rate as a function of the difference |i — j|
due to the absence of memory. In turn, this lack of memory leads
to faster converge of the adaptive learning rule. Consequently, the
power diffusion algorithm is well suited for practical applications
such as nonlinear acoustic echo cancellation and nonlinear system
identification.

3.2. PLD algorithm

To further improve performance, we next introduce the PLD al-
gorithm, which combines the power diffusion algorithm with the
LGD method. The LGD method is characterized by its good nonlin-
ear optimization capability, and can converge to the optimal solu-
tion in both linear and nonlinear problems [24]. Within the diffu-
sion framework, the LGD method allows us to formulate the fol-
lowing update equation for the weight vector h(i) at node k:

hy (i) =l (i = 1) — Y [ Gy (i) + A VE ). (8)

leN

where G(i) stands for the Hessian matrix of the underlying objec-
tive function &,(i), I denotes the identity matrix, and A is a reg-
ularization parameter which determines the desired trade-off be-
tween steepest descent and Gauss-Newton search. This method is
derived from Newton’s method and is often used in the context
of adaptive linear neuron (ADALINE) structures [16]. The conven-
tional Levenberg-Marquardt (LM) based-algorithms require the cal-
culation of the Hessian matrix, which for a statistically based ob-
jective function entails high computational cost and memory re-
quirements [17]. To overcome this problem, we directly calculate
the Hessian matrix based on instantaneous estimation. Specifically,
at each iteration, the objection function &,(i) at node [ is defined
by the squared error criterion

i) 2 5 (@)’ = 5 (@) ~ G- 1)’ (9)

Taking partial derivatives of (9), we obtain the corresponding gra-
dient

. A& (i . .
v = L9 _ e (i) (10)
oh,
from which the instantaneous Hessian is obtained as
. 92&,(i) STk
= = 11
G (i) ohoh, ¥ (D)) (1). (11)

In the diffusion framework, since the local estimates ¢;(k) made
by neighboring nodes I € AV, are available at node k, an improved
estimate is first obtained via linear combination of the former es-
timates [6], that is

heGi—1) =Y ayg - 1). (12)

leN

Substituting (12) into (8), we have

he(@) = Y- appy(i—1) = Y @G + M1 VED |, )

leN leNy
= Y anfouli- 1 - GO + A1 VED], ]
leNy

(13)

where the gradient is evaluated at h,(i —1). Based on (13), we
can obtain the following expression for the local estimate ¢(i) at
time i,

@) = (i = 1) = ulG (@) + M7 VED],
~@ui—1) = pIG () + M VED], (14)
~ b= 1) = wlGi@) + M VED],

The approximation in the second line of (14), which is valid if the
differences between the estimates h;(i — 1) at different nodes [ are
small, makes it possible to update ¢,(i) locally, i.e. only based on
observations available at node I The approximation in the third
line of (14), where we replace ¢;(i—1) by h;(i—1), is justified
since h;(i — 1) includes more information than the corresponding
intermediate estimate ¢;(i — 1). Note that with this last substitu-
tion, initialization of ¢;(0) is no longer needed [25]. This substitu-
tion is not necessary for the derivation, but previous studies have
shown that it can improve the performance of the diffusion algo-
rithm [6]. Finally, by combining (7), (8), (12) and (14), we obtain
the main weight update equations of the proposed PLD algorithm
as follows,

@) = (i — 1) + g (% (DXL ) + ML)~ % (i)ey (i) (adaptation)
h (i) = lZ\){ a9, (i)

(combination)
(15)

It should be noted that the proposed algorithm is conceptu-
ally different from the diffusion affine projection algorithm (DAPA)

with projection order set to 1. Indeed, the term (x, (i)} (i) + M)_1
of the PLD algorithm represents a matrix operation, while the cor-
responding term of the DAPA becomes a scalar.

One of the main problems facing the LGD algorithm in the non-
linear system identification task is the selection of the regulariza-
tion (or mixing) parameter A. Indeed, we have been able to ob-
served that the convergence performance of PLD is greatly depen-
dent on this parameter. Furthermore, since different nodes have
access to different measurements, it would seem preferable to ad-
just the parameter A separately at each node in order to optimize
performance. To tackle these issues, a SR strategy is developed in
the next section.

4. Self-regularization strategy

When implementing the subband adaptive filter algorithm [26],
normalized LMS algorithm [27]| and affine projection algorithm
[28], a small regularization parameter (leading to a large step
size) is required at the onset of adaptation, in order to accelerate
convergence during initialization. As the iteration cycles progress,
the error becomes small in steady-state, and a larger regulariza-
tion parameter is required for small misadjustment. Such variable
parameter scheme can also be found in recursive least squares
method, as well as Gauss-Newton strategy. In [29], the Gauss-
Newton type variable forgetting factor-recursive least-squares (VFF-
RLS) algorithm was proposed for improving the tracking capabil-
ity. Following this method, several VFF strategies were developed
for distributed in-network system identification [30,31]. In these
approaches, a forgetting factor is used when the error is large to
achieve a faster convergence rate, whereas the forgetting factor in-
creases when the error becomes small so as to yield better steady-
state performance. In the PLD algorithm, when the error signal is
small, the adaptive weight vector estimate is near its optimal value
and it is hence preferable to use a smaller value of A to reduce
the influence of gradient descent. On the contrary, if the error sig-
nal becomes large, it is preferable to increase this same parameter.
There is little literature addressing the adaptation problem of the
mixing parameter in LM type algorithms. Motivated by [28], we
propose a new SR scheme for the PLD algorithm.
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In contrast to the use of a constant scalar regularization pa-
rameter A common to every node, as in the previous section, we
here consider the use of a more general time-varying mixing vec-
tor A, (i) e RM*1 at node k, that is: we replace the diagonal ma-
trix AI by a more general diagonal matrix Y (i) = diag[A,(i)]. We
propose to use a stochastic gradient descent approach to update
the mixing vector, with the aim to minimize the local error signal
power at each node over time. Specifically, we let

(@D =h(i—-1)—pg@i-1)

where Ay (i) = [Ag (D), .... Ay_1(i)]" denotes the parameter vec-
tor at node k and time i, o denotes the learning rate, and &, (i —
1) =[Lor—1),.... &y_11 (i — 1] is the search direction. The lat-
ter is defined by

(16)

.1 ex)
Ci(i—1) = 20, G-1D )
B 1aei(i) dey(i) Jh(i—-1)
2 8ek(l) ahk(l— ]) 8)\.]k(l - 1)
The right-hand side of (17) can be calculated by using
e (i) ) de (i) T
= ikl A 18
deuh ~ 20 By - W (%)
oh,(i—1) . T . -1
e = — aelxi-1Dx(-1)+Y,(i-1
D= 1) ul; Le[Xi = DR = 1)+ = 1)]
8T1(i— 1) . T,: . -1
) m[xl(z—l)x, (i-1)+ M (i-1)]

x X(1—1)e@—-1) (19)
Additional details about the derivation of (19) are given in
Appendix A.

In the sequel, to simplify the developments considering space
limitations, we let Aq (i) = ... = Ap_q1 (i) = Ay (i), so that X, (i) =
AcDIT, ..., 1]T), but generalizations are possible. Combining (16),
(18) and (19), and employing again the linear combination strategy,
we obtain the following procedure for updating the mixing vectors
A(i) within the diffusion framework:

L. Lu, Z. Zheng and B. Champagne et al./Signal Processing 163 (2019) 107-114

Xp (D) = (i = 1) — ppeey (D (i)
el = DR = 1) + A i - 1)1]‘2xk(i —De(i—1)

(20a)
) Amax .if X]i(l) > Amax
k() = | Amin if X]:(l) < Amin (20b)
X (D otherwise
M) =" apex (). (20¢)
leNg

where x (i) is the local intermediate estimate of A(i), Api iS
chosen to impose a minimum value for the mixing parameters
A(i), and Amax is chosen to ensure that these parameters remain
bounded. By using (20a)-(20c) along with the PLD adaptation in
(15), we obtain the update equation of the proposed SR-PLD algo-
rithm,

@) = i = 1) + L [Re DAL (D) + A (D] K (i)ey (i) (adaptation)
(21)

(combination).

h () = X ae @)
le/\fk

5. Comparison of memory requirement

In this section, we compare the memory requirements of the
proposed power diffusion and Volterra diffusion algorithms. Ac-
cording to [14], the number of model coefficients of the Volterra
diffusion algorithm for each node is P, = &2 1. In contrast,
the power diffusion algorithm requires P, = M coefficients for each
node (see (6)). Fig. 1 shows the number of coefficients of the
Volterra diffusion algorithm [14] and the proposed power diffu-
sion algorithm, where Nj, = |V,| denotes the cardinal of neighbor-
hood set V. One can see that the proposed algorithm has reduced
memory requirement as compared to the diffusion Volterra algo-
rithm.

6. Simulation results

To illustrate the merits of the proposed diffusion-based algo-
rithms, simulations are carried out in the context of distributed

—6&— Volterra diffusion algorithm
—v— Power diffusion algorithm

5000

Number of coefficients

D

10000 , . :
(b)

9000
8000
7000
6000
5000
4000}
3000
2000 -
1000}

T T

V-V V V

1‘0
LorM

15

Fig. 1. Number of coefficients of the Volterra diffusion algorithm and power diffusion algorithm (for the Volterra diffusion algorithm, x-axis is L; for the power diffusion

algorithm, x-axis is M.) (a) Ny = 20, (b) Ny = 40.
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Fig. 2. Network topology.

in-network nonlinear system identification. We consider a network
with N =20 nodes in the plane, as shown in Fig. 2. The com-
bination coefficients {ay,} are set according to the uniform rule
[6]. The network excess mean square error (EMSE), defined as
Network EMSE = %Zf;’ﬂ (z¢ () =y, (i))?, is used as a performance
measure, where z,(i) is the true unknown system output. The re-
sults are averaged over 200 independent simulations.

Example 1. In order to evaluate performance of the proposed al-
gorithms in a nonlinear system with memory, the following model
is used

2 (i) = x.(i) + 0.1x,. (D)x, (i — 1) + 0.45%} (i)
+ 0.2x, (X2 (i — 1) + 0.4%; (i). (22)

The input signal x,(i) is obtained by truncating independent sam-
ples from a zero-mean Gaussian distribution with unit variance to
the range [—1, +1] [21]. The noise signal v(i) is obtained from in-
dependent samples of a zero-mean Gaussian distribution. The dis-
tribution of the signal-to-noise ratio (SNR) at the different nodes
is shown in Fig. 3. For the Volterra diffusion algorithm, we set
L =2 (corresponding to 5 adaptive coefficients), and for the other
algorithms, we set M =6. For the SR-PLD, we set A, =0.01,
Amax = 10 and p = 0.2. Fig. 4 shows the network EMSE learning
curves with different A. As can be seen from this figure, the dif-
ferent choices of A lead to a similar performance in convergence,

46
44
42
40
38

SNR (dB)

36
34

32 L L L L L L
2 4 6 8 10 12 14 16 18 20

Node index

Fig. 3. Distribution of SNRs used in Example 1.
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Fig. 4. Network EMSE of the PLD algorithm versus iteration number for different
choices of A.

although the best performance is obtained with A =0.1. To fur-
ther demonstrate its performance, we compare the proposed algo-
rithms with other existing algorithms. To obtain nonlinear model-
ing capability of the algorithm, the diffusion recursive least-squares
(DRLS) algorithm is combined with integer power of the input re-
gressor (6). The forgetting factor is set to 6 =0.999, P, (0) =4I,
and § = 15 for the DRLS algorithm and its nonlinear variant. As
can be seen from Fig. 5, the DRLS with integer power of the in-
put regressor algorithm achieves smaller steady-state error than
the linear DRLS algorithm. Moreover, the DRLS with integer power
of the input regressor has similar performance as the power dif-
fusion algorithm. It requires 4M? + 3M + N,M multiplications and
3M? + N,M additions. In contrast, the proposed PLD algorithm re-
quires 2M? + 4M + N,;M multiplications and M2 +2M + N;M addi-
tions. Note that the term NyM comes from the combination step
and it depends on network size of the diffusion algorithm. These
considerations strongly motivate the use of the proposed PLD al-
gorithm for in-network distributed nonlinear system identification.
The network EMSE presented in Fig. 5 also show that the proposed
algorithms achieve better results than the Volterra diffusion algo-
rithm. Specifically, among the PLD and SR-PLD algorithms exhibit

Volterra diffusion algorithm (£.=0.2)
0F — - — - Power diffusion algorithm (£=0.5) B
DRLS algorithm (£=0.999,J=15)
DRLS with integer power of the

input regressor algorithm (#=0.999,0=15)
— — PLD algorithm (x#=1.5, A=0.1)
SR-PLD algorithm (x=1.5)

VAN

Network EMSE (dB)
=)

-20

e,
RSN
.
-,
v
N e
A A e
DRSS Ao R o]

AR

£

25 . . . . . . . . .
100 200 300 400 500 600 700 800 900 1000

Iterations

Fig. 5. Network EMSE of the proposed and existing algorithms.
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25 . . . . . .
2 4 6 8 10 12 14 16 18 20
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Fig. 6. Distribution of SNRs used in Example 2.
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Network EMSE (dB)
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Fig. 7. Network EMSE of the PLD algorithm versus iteration number for different
choices of A.

the fastest convergence and lowest network EMSE, outperforming
Volterra diffusion algorithm by more than 10dB in steady-state.

Example 2. The system output at node k is generated according to
Dogariu et al. [21]

2,(i) = X, (i) + 0.3x3 (i) + 0.5%; (i). (23)

The input signal x,(i) and the noise signal v, (i) are obtained as
in the previous example. The SNR distribution over the network
is illustrated in Fig. 6. The memory size and filter length are the
same as in the previous example. First, we investigate the perfor-
mance of the PLD algorithm with u = 1.5 using different values of
the mixing parameter A. As can be seen in Fig. 7, the performance
of PLD largely depends on the value of A, with A = 0.3 providing
the best choice in terms of convergence speed and misadjustment.
Next, we compare the performance of the power diffusion, PLD and
SR-PLD algorithms to that of the Volterra diffusion algorithm. In
the SR-PLD algorithm, we set A, = 0.01, Amax = 10 and p =0.2.
As can be seen from the results in Fig. 8, when compared with a
Volterra diffusion algorithm with similar complexity, the proposed
algorithms can significantly improve the convergence rate and the
misadjustment. Among these, the SR-PLD achieves the best over-
all performance in convergence, while further enabling automatic
adjustment of the mixing parameters A(i).

Example 3. Next, we repeat the same simulation experiments as
Example 2, but this time using input waveforms from a power sys-
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Fig. 8. Network EMSE of the proposed and existing algorithms.
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Fig. 9. Input signals used in Example 3.

tem application. Such input waveforms can be expressed as (see
Fig. 9) [18]

X (i) = sin(wyi 4+ 29.3°) + 0.5sin(3wyi + 81.6°)
+ 0.1sin(5wyi — 66.2°) (24)

where w, denotes the fundamental frequency at node k. The dis-
tribution of SNR and wj, values employed here are given in Fig. 10.
The performance of the PLD algorithm with @ =1 for different
values of A is shown in Fig. 11, where the best choice is 0.1.
Fig. 12 illustrates the comparative performance of the proposed
power diffusion and Volterra diffusion algorithms, where for the
SR-PLD, we set A, =0.01, Amax =5 and p =0.1. Compared to
the Volterra diffusion algorithm, the power diffusion and PLD al-
gorithms yield reduced misadjustment. In addition, the SR-PLD
algorithm enhances the performance of the PLD algorithm while
offering a self-regularization mechanism that allows automatic ad-
justment of the mixing parameters at the different nodes. To fur-
ther demonstrate the adaptation of the mixing parameters in the
SR-PLD algorithm, Fig. 13 shows the time evolution of A,(i) as com-
puted on the basis of adaptive update (20). As can be seen, the
variations in the parameters A,(i) are consistent with the changes
in the size of the identification errors, in the sense that a reduction
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Fig. 12. Network EMSE of the proposed and existing algorithms.
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Fig. 13. Time evolution of mixing parameter A,(i) in SR-PLD algorithm at selected
nodes.

in the error e(i) time leads to a reduction in the corresponding
parameter value A(i).

7. Conclusion

Novel diffusion algorithms for distributed in-network nonlin-
ear system identification have been proposed. The power diffu-
sion algorithm can be regarded as a special form of the Volterra
diffusion algorithm where only instantaneous powers of the in-
put are employed. It was shown that in the considered applica-
tion, the power diffusion algorithm enjoys improved performance
in comparison to the Volterra diffusion LMS algorithm, with sim-
ilar or reduced computational complexity. To further improve the
convergence rate and steady-state performance of the power dif-
fusion algorithm, we developed the PLD algorithm based on the
LGD method. Considering that the selection of its regularization
parameter may pose difficulties in practice, we further proposed
the SR scheme for the PLD algorithm. Simulation results in the
context of distributed in-network nonlinear system identification
have shown that these new nonlinear diffusion algorithms can sig-
nificantly outperform existing algorithms.
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Appendix A. Derivation of (19)

Making use of the adaptation rules in (15), we can write,

ol (i—1) Ax (i — DG -1+ (-]
= a -
Ihjpi—1) MEN{ ”‘[ I i—1)
x (i—1)e(i—1). (A1)
We then define
T2x(—-Dxp(i—1)+ Y (i—1). (A2)
Differentiating I'T~' = I with respect to Ak j(i) yields
or » ar!
I +Im——F—=0 A3
0Aj(i—1) OAj(i—1) (A3)
from which we obtain
ar-! 4 ar »
e A4
0Aj(i—1) OAj(i—1) (A4)

Substituting T =, (i — l)xz(i -1+ Y,@(i-1) into (AA4), we
have
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xli— DXL — 1)+ Yp(i— D]
= 1)
—[®G - DAL - D + Y- D]
A[xli— DA = 1) + Yy = 1)]
Ihipi—1)
x [%G = DAL - D + i - D]
—[®G - DAL - D + - D]

L AMi(i—1)
Mg —1)

Using (A.1) and (A.5), (19) is finally obtained.

[X(i— DL = 1) + L= D] (A5)
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