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Abstract— This paper investigates the influence of data loss algorithms [1]. However, the advantages of these algorithms, when
in the performance of cooperative adaptive filters in distributed ~ compared with the ones without data selection in a scenario
networks. The algorithms analyzed are those with and without inclined to data loss, were overlooked.
data selection based on innovation. Our simulation results This paper proposes an analysis of the speed of convergence
indicate that set-membership adaptation algorithms, which  of different approaches taken by cooperative algorithms in the
perform some form of innovation check prior to transmission particular situation mentioned. For this purpose, a simple traffic
of data to the neighbors, have better performance than their model was implemented and simulated along with the algorithms.
counterparts which flood the network with data at every itera-

tion. Therefore the space-time data selection of set-membership Il. DISTRIBUTED ADAPTIVE FILTERING WITH

adaptive filters reduces computational complexity and energy SELECTIVE COOPERATION
consumption, and also improves convergence performance in An adaptive filter changes its parameters according to an opti-
case of data loss during transmission. mization algorithm in order to approximate some desired behavior
Keywords— sensor networks, adaptive filters, cooperation, set-by means of minimizing a established criterion. In centralized net-
membership adaptive filtering works, parameter estimation may require high processing capacity
in the central unit node, not necessarily close to the sensors, which
. INTRODUCTION may demand long-distance, expensive, and low-efficiency commu-

nication. On the other hand, estimation performed in decentralized

The use of SENSOrs IS very common in tracking, monltorlngways can generate high traffic of data between nodes, especially if
and control applications. The disposition of a number of these[helre is cooperation among them

devices together with the connections that enable them to diffuse
data and parameters define a sensor network. athéocmesh A, General Distributed Adaptive Filter Operation

wireless technology introduces new perspectives to sensor network In a spatially distributed network [2]- [7], we assume that
applications since they can auto-configure themselves in situations, ., node has a sensor with the ability to measure a data pair
without pre-existent communication infrastructure, enabling more{xm(k) dm(K)}, wherem denotes the node index, amg(k) € RN

data portability in a larger range of places demanding lower, nd dn:(k) € R are input and desired output signals of some

. . . al
resources. Another benefit is the independence of a central dev"i%known system, respectively
If each node executes its own adaptation algorithm without

for routing and diffusing the information gathered, so the nodes
enabling the estimation,, changing information with any neighbor, we can say that the

can communicate with each other directly,
of parameters to be done in a decentralized way. nodes do not "cooperate” among themselves. On the other hand, if

In a centralized parameter estimation scenario, composed of &,,peration exists, nodes can use information from their neighbors,
great number of sensors, data processing can be very slow (which jge qata pairs and local estimates.

not suitable, for sensors are usually powered by batteries), or even | that context. we define the neighborhootd, of nodem as
prohibitive, as the convergence of a considerable volume of datghe set of nodes directly connected to it, i.e., they are bop

on a single device might demand high performance hardware anglyay in the network, including itself (see Fig.1). In a cooperation
high cost. Moreover, the geographical location of the central nodegorithm, there are basically four main steps in each iteration [1]:
with respect to the remote sensors is to be taken into Cons'derat'oﬂansmission(data pair spreading)estimation (production of a
for long distance communications imply high energy consumptionca| estimateipdats, diffusion(exchange of local estimates), and
and also high cost. An additional disadvantage of this approach,nsensugproduction of a final estimate for the iteration). After
is the considerable raise of data traffic in the network, that couldy,iq pair spreading, the second step for our reference magdo
bring_ congesti_on pro_blems leading t_o information loss. A |_oossibleuse the data spread by its neighbors in some functiém order
solution for this particular problem is to employ mechanisms ofyy generate docal estimate The node can also use its previous
selective cooperation. A related work covered concepts of selectivg,.3 information about the parameters, that is, funcfigrerforms

. ) a space-time update
This work was partially supported by CNPq under contracts

306445/2007-7, 503706/2007-8, and 478282/2007-9. @n(K) = flwm(k—1), x(k), d(K); | € Am] @
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A C. Diffusion SM-NLMS
@ vvmamiine @y . This is the most simple variation of the SM-NLMS algorithm
S & & 2 used in this work. The algorithm performs spatial and time inno-
B ‘j = vation at nodem upon reception of data pairs and local estimates
% from the neighbors.
3 % E Let us define the constraint set{(k) as

o ) = {9 RN [ () — g3 (K)] < v} @

E m @ -
3 ® In the NLMS algorithm, no data selection is used, and all the
nodes in the neighborhood of have to share data pairs, which are
Uy sequentially used to perform update in the current estirpa(g).
In the SM-NLMS algorithm, data selection means that a data pair
{di(k), x(k)} is considered to bring innovation, therefore used

. I3 in the local estimate, if the available local estimaig(k) does

. not belong to the constraint set associated wfith(k), x;(Kk)}.
I N, = {m? b, Ly, Is, Ls, 55} The differential strategy of the anfusm_n SM-N_LMS_ algont_h_m
when compared to the NLMS algorithm is to verify this condition

for every data pair received from neighbors. Every node in the
neighborhood oim has to share its data pair with it, but node
attempts to discard data from those for whigh(k) € 74 (k),| €
(k). With this data selection, the algorithm checks, at every
. . . time, innovation provided by all data pairs available. The result
\éV:nesr:nﬁEgk)C;ClTaetegomptl;]t:d rf\ﬁit:?g?;g]m(g;dj) Irseft:ri of this method is the reduction of computational cost at each
10 each node in the nei hborﬁood of After the’diffusici)ln of all node, since the amount of information in estimation is reduced.
estimates. the followin gte is the consensus. i.e.. the com utatioWe can imagine a situation where none of the collected data pairs
of vectorv,v (k) based %n apdefined criterion albclJult’ how to upse al |H1plies innovation, hence no update is performed and diffusion

m . . . is not needed. In that specific case, there is also a reduction in
the exchanged local estimates. Thus there is a fungtienaluated .

. ; . . feedback traffic.

at nodem, which uses all the exchanged information with the

Fig. 1. Ad-Hoc network and neighborhoody, of m.

neighbors, i.e., D. SM-NLMS (NFF) - Non-Feedforward Traffic
Wm(k) = g@ (K); | € Am] @) This is an alternative to the previous algorithm, whereby nodes

) ) ) exchange only their local estimategs(k), but not data pairs [1].
wherewm(k) is the consensus estimate at iteration Because of this restriction, there is a total reduction of feedforward

traffic at the expense of less spatial diversity information used.

B. Set-Membership Concept . , ) )
E. SM-NLMS (SIC) - Transmission with Spatial Innovation

It is usual in cooperative adaptive filtering that all the nodescheck
spread their information. Before estimation takes place, there is _ ) .
The two previous algorithms propose different ways of com-

feedforward trafficduring data pair transmission, whereas after

diffusion takes place, nodes exchange their estimates with thefunicating data pairs. The first one suggests innovation selection
upon reception of data pairs, whereas the second one provides

neighbors, which we call her&eedback traffic The concept of - g o )

Set-Membership (SM) applied to time as well to spatial updatingfeedfor\{varq trafflc reFjuctlon by not tr.ans.mlttlng. data pairs. An

yields substantial savings in computation per node and in traffi@/ternative idea is to implement a spatial innovation check before

among nodes [1]. data_l pair transms_smn, |.e_.,_each_ ndde A de_ud_es Whe_ther or
SM adaptation algorithms use an upper bourior the output not its Qata pair will benefit its neighbors. gpatial innovation set

error to accessnnovation brought by new data. Innovation is #m(K) is defined as [1]

an important concept, which SM algorithms use to indicate if " . - P

updates are needed. The strategy has been applied to adaptive HmK) = {1 € Mm@ k=1) ¢ A0} @)

filters for selective updating in time, whereby data brought atwhere/n;(k) is the restricted neighborhood of node that is,

every iteration is checked for innovation. In [1], this strategy s (k) contains only the nodes that have broadcast data pairs.

was extended for selective updating in space, whereby data tRaturally, update is performed using only data pairs from nodes

be sent to neighbors is checked for innovation. If there is notyithin this set. The estimation is computed as follows [1]:

enough innovation in the data, they do not need to be shared with

neighbors. Therefore the evaluation of a local estimate and the At each nodem:

transmission of data pairs or estimates are not performed if deemed Om(K) =wWmn(k—1)
unnecessary. As a consequence, there is a drastic reduction of traffi For eachl € 47 (K):

in the network. In this work, we use different implementations m 'T

of NLMS (Normalized Least-Mean Squares) algorithms with Set- & (k) = d (k) — @n(k)xi (k)
Membership and evaluate their behavior when network traffic can 0 (K) — () + a‘llilk()gﬁ? X (K).

cause package loss.
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whereq (k) is called the data-dependent step size, i.e., I1l. TRAFFIC MODELLING AND ERLANG B
. DISTRIBUTION
0 otherwise en using the decentralized parameter estimation approac

instead of the centralized one, the volume of data flowing in the

Note that the loop involving each notlés restricted to the spatial network raises a discussion about the relevance of traffic issues
innovation set/#,(k), which can change in subsequent iterations.in the convergence process of the previously referred algorithms.
The parameten; (k) allows nodem to check if the received data Data loss is likely in situations where the amount of information
pair from each neighbor actually brings innovation if comparedto be exchanged exceeds the capacity of the channels or devices
to the current estimate (k). Thus, if a(k) is equal to zero, it involved. As adaptive filters are very sensitive to their input signals,
means no innovation. For the particular case where all parameteackage loss may have a deleterious influence in performance.
a;(k) from everyl are equal to zero, no data pair is used, henceln order to simulate this scenario, network traffic was modeled
no update is performed and the diffusion@f(k) is unnecessary. according to theerlang B model (orErlang’s Loss Modglwhich

L . . was chosen due to its simplicity and lack of queuing support.
F. SM-NLMS (SIC-RFB) - Transmission with Spatial Inno-|, this particular model, blocked connections, which might have
vation Check and Reduced Feedback Traffic been consequence of congestion, cause data to be discarded and

As mentioned before, data pairs can yield updates or not, accordaformation to be lost. There is also the assumption that data arrive
ing to the values ofy (k). The reference node does not diffuse its randomly [5], are independent from each other forming a Poisson
estimate only if allo (k),| € .47/ (k) are zero. However, the strategy Process, and are treated in the incoming order. The equation of
of SM-NLMS SIC-RFB is to introduce #ocal innovation check Erlang B prOVideS us with the prObablllB’Of blocked connections,

A local estimate will not be performed if the local data pair doesdiven a numbemN of available channels among nodes, and the
not bring innovation, regardless of possible innovation brought bytraffic T in Erlang units:

the neighbors. If no innovation is brought Kgm(k),xm(k)}, then ™
this node does not even compute an updatei(k), so that both p— __ N @)
feedback traffic and computational cost are reduced. The algorithm ,N: 0 %
is [1]:
[1] , whereT = CyC;, Cj is the data arrival rate, and, is the average
€m(K) = dm(k) —wl (k= 1)xm(K) connection holding time.
It em(k)[ >y IV. SIMULATIONS

Pm(k) = wm(k—1)

, In this section, we display the results of experiments where
For eachl € Ay (Kk)

the algorithms are tested when there is inter-node traffic, and

a (k) = d (k) — gh(K)x (k) consequently data loss. Their behavior is compared with the ideal
a1 (K)e (k) situation when there is no traffic.
Pm(K) — Pm(K) + TR (k). The network topology is the same for all experiments, With-
' 10 nodes, all of them connected. Therefore the neighborhood sets
whereq; (k) is calculated according to Equation (5). are all equal and include all nodes. The unknown system to be

. . identified has 10 coefficients, randomly generated. The input signal
G. Diffusion and Consensus and additive noise at each node are white Gaussian signals with
After the local estimate evaluation, the next step for all the nodesero mean and variance calculated such that the SNR was 30 dB.
at the present iteration is the diffusion of their local updag€k).  For the MSE calculation, we averaged 1000 independent runs.
In other words, in the diffusion phase, every estimate which offers |n order to highlight the effects of traffic, we assumed a very
update with respect to the past has to be communicated to all theigh blocking probability for the full traffic situation, i.e., when the
neighbors. After diffusion, a consensus is necessary. algorithm generates either feedforward or feedback traffic in every
There are many different methods for consensus. In [1] anteration. We used the traffic model described in Section Ill with
algorithm of sphere combinations is proposed, in which all theeach node being served by 9 independent connections and receiving
estimates are considered to be centers of spheres with a previousiytotal traffic of 80 Erlangs. This gives a blocking probability for
calculated radius. In a pair-wise sequential update, the new conseg-full traffic situation approximately equal to 89%.
sus update is the center of the sphere that tightly outer bounds the Figure 2 shows the simulation results for the NLMS algorithm
intersection of two of these spheres. In contrast, a simple methogith u = 0.2. We can clearly see that data loss causes the algorithm
is the weighted average, in which the consensus is calculated aso slow down considerably. When traffic is taken into account, the
algorithm behaves as if nodes did not cooperate and had to act

wm(k) = > a(kak) (6)  upon the local information only.
&M Traffic generated by set-membership algorithms is expected to
wherea, (k) is the weight factor for each local estimagek). If all decrease as the algorithm approaches convergence. Therefore in

of them are equally important, we can use an arithmetic averagerder to simulate traffic and package loss for these algorithms, we
where all theg (k) have the same value. The focus of this work divided the learning curves into five regions and calculated how
is to analyze the influence of package loss due to traffic in themany data pair transmissions and how many parameter diffusions
performance of the algorithms, not to compare different consensusere done, in average, per region. This gave us a relative measure
strategies. We chose to use the strategy given in Equation (6) iof generated traffic in comparison with an algorithm that always
all simulations. shares data pairs and always diffuses parameter estimates (total
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TABLE Il
GENERATED TRAFFIC DUE TO DATA PAIR TRANSMISSION AND

. [—nims algoritiﬂm without data loss PARAMETER DIFFUSION (PART 1)
. = = = NLMS algorithm with data loss
5L ve i
SM-NLMS-SIC Algorithm SM-NLMS-SIC-RFB Algorithm
Region Feedforward ~ Feedback Feedforward Feedback
1 (k=1 to 10) 30.3% 78.7% 40.7% 40.7%
2 (k=11 to 20) 10.1% 30.2% 19.7% 19.7%
3 (k=21 to 30) 6.8% 16.7% 13.8% 13.8%
4 (k=31 to 40) 5.5% 12.2% 11.0% 11.0%
5 (k=41 to 150) 3.6% 6.0% 6.9% 6.9%

0 10 20 30 40 50 60 70 80 90 100

0 T

Fig. 2. Effect of high traffic and high probability of data s the

: ! = Diffusion SM-NLMS algorithm without data loss|
behavior of the NLMS algorithm.

= = = Diffusion SM-NLMS algorithm with data loss
sl j
A}

TABLE |
GENERATED TRAFFIC DUE TO DATA PAIR TRANSMISSION AND
PARAMETER DIFFUSION (PART 1)

Diffusion SM-NLMS Algorithm SM-NLMS-NFF Algorithm
Region Feedforward ~ Feedback Feedforward  Feedback
1 (k=1 to 10) 100% 89.1% 0% 65%
2 (k=11 to 20) 100% 41.5% 0% 33.7%
3 (k=21 to 30) 100% 24.3% 0% 12.8%
4 (k=31 to 40) 100% 22.0% 0% 6.7% T sk‘o 0 7 8 80 100
5 (k=41 to 150) 100% 21.8% 0% 3.6%

Fig. 3. Effect of high traffic and high probability of data s the
behavior of the Diffusion SM-NLMS algorithm.

traffic situation). For example, the Diffusion SM-NLMS algo-

rithm described in Section II-C generates 100% of feedforwardyatiic. Notice also that SM algorithms suffer less than the NLMS

traffic, but a decreasing amount of feedback traffic, because agiqorithm from data loss, in addition to present faster convergence
it approaches convergence, parameter updates, and consequerghld less complexity.

diffusion, become less frequent. On the other hand, the SM-
NLMS-NFF described in Section II-D generates zero feedforward
traffic. Tables | and Il show the generated traffic due to data pair V. CONCLUSIONS
transmission and parameter diffusion (feedforward and feedback

traffic, respectively) for the five regions considered for the four  pjstributed parameter estimation with selective cooperation is
SM algorithms discussed in Section . known to offer reduced computational complexity and reduced

The algorithms with selective cooperation generate less traffienergy consumption per node. In set-membership algorithms, this
and are expected to face a smaller blocking probability, and coneften prevents unnecessary transmission of data, either local mea-
sequently less data loss. Based on the average traffic generated firements or local estimates. As a consequence, such algorithms
each region, we calculated the corresponding blocking probabilityalso cause less traffic in the network, less congestion and collisions,
faced by the Diffusion SM-NLMS, the SM-NLMS-NFF, the SM- and ultimately less innovative data to be lost. This paper investi-
NLMS-SIC, and the SM-NLMS-SIC-RFB algorithms. For all of gated the impact of traffic on the performance of adaptive filters in
them we used/ = V502, whereo? is the variance of the additive distributed parameter estimation applications. Using a simple traffic
noise. model to take into account blocking probability, and consequent

Figures 3, 4, 5, and 6 show the comparisons for the Diffusiondata loss, we verified that data loss may cause severe degradation
SM-NLMS, the SM-NLMS-NFF, the SM-NLMS-SIC, and the SM- of performance in cooperative adaptive filters if no data selection
NLMS-SIC-RFB algorithms with and without data loss due to is used. On the other hand, in such scenarios the advantages of
traffic. Notice that the blocking probabilities faced by each of set-membership for data selection in space and in time may be
these algorithms are different, for they depend on the generateeven more pronounced.
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Fig. 4.

0 : : : : T T T
= SM-NLMS-NFF algorithm without data loss
= = = SM-NLMS-NFF algorithm with data loss
sl j
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Effect of high traffic and high probability of data o the

behavior of the SM-NLMS-NFF algorithm.

Fig. 5.

0 T T T T T T T
== SM-NLMS-SIC algorithm without data loss|
= = = SM-NLMS-SIC algorithm with data loss
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Effect of high traffic and high probability of data o the

behavior of the SM-NLMS-SIC algorithm.
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