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Abstract—Distributed actuation is a major application of presence of sensors to provide feedback information and the
sensor networks that relies on the information provided by the actuators necessary to make the desired changes.
sensors and the ability of the actuators to change the environ- Although many existing technologies such as Bluetooth may
ment, to try to achieve a set of desired conditions. In large scale ad - L
hoc distributed sensor-actuator networks, traditional centralized not be suitable for low cost sensor networks applications [3],
control solutions are undesirable due to limiting factors such as recently there have been a number of developments towards
scaling, delays associated with collecting information, and power very low power and low cost devices (e.g. [4]) that can en-
consumption. In order to solve distributed actuation problems in  aple large scale deployments in many everyday environments.
sensor networks, groups of sensors and actuators must first be Eaton corporation [6] for example has announced a new prod-
matched (clustered) efficiently and then the problem posed and . . . . .
solved in localized manners. uct line designed tq monitor and control indoor environments,
In this paper, given the locations of a set of sensors and due to be released in 2005. The “plug-and-use” sensor modules
controllable sources of superposable phenomena (e.g. light andin the system rely on wireless technology developed by Ember
heat), we first formulate and optimally solve the distributed Corporation [7], a member of the Zigbee Alliance [8]. The
sensor-actuator problem as an instance of centralized quadratic Zigbee industry consortium of semiconductor manufacturers,

programming. We then investigate several localized heuristics . _ . .
that can achieve near optimal results while trading off message technology providers, and end-users are working to define

exchanges and energy consumption for accuracy and latency in @ global specification for reliable, cost-effective, low power
obtaining those results. We also discuss the clustering algorithm wireless applications based on the IEEE 802.15.4 standard.
that we use as a heuristic for solving the matching problem The extremely low cost Eaton sensor modules work on the
associated with matching the sensors to the proper actuators. ypjicensed ISM bands and can have a communication range of
'a:?\z;;%%sp?ircsaggg sources are used throughout the paper as 2100 to 200m. They connect to a more sophisticated base station
called “Keyfob” either directly or through mesh networks of
sensor modules. Combining such a monitoring system with
addressable actuators controlling different sources (e.g. [9])
While sensor networks [1] enable our computers to leato achieve a set of desired conditions is the main motivation
about what is going on in our world, actuators allow us tbehind our work.
actively influence, change, and control our environments in anFor relatively small deployments, such as in small offices
attempt to achieve a set of desired conditions. For decades.residential houses, collecting the sensor information in a
sense-compute-actuate loops have been widely studied aedtralized location to perform the necessary calculations and
applied in countless control and automation applications [3hen sending the commands to the appropriate actuators will
However, emerging applications of wireless distributed sens@et incur too much overhead. For such cases, the centralized
actuator systems, fueled by the flourishing wireless senstpproach presented in section Il will be adequate. How-
networks research efforts, have opened new problems that neeer, for larger deployments such as large office buildings,
to be addressed. Before discussing the problems, let us briéfiglustrial complexes, and residences, a centralized approach
take a look at the application domain and the specific typasay prove to be too costly in terms of energy consumption
of systems in our aim. for transmitting the messages, and the latency in making
Low cost wireless sensor nodes used for environmenthe changes. For example, even a 500ms delay in turning
monitoring and control of offices, industrial complexes, publion a light when a person walks in a room can be quite
venues, and residential buildings have attracted a great deatliceable and even unacceptable for many users. Furthermore,
of attention in the industry due to potentially large economicontrollable sources typically have a limited geographic extent,
impacts. Such systems can be used to automate and custorsimsh as lights in a living room or an office cubicle, making
these environments in ways that have not been practicaltbe treatment of the distributed sensor-actuator problem in
possible in the past. In addition to creating context awalecalized ways not only cost effective, but also intuitive.
surroundings [2], mundane systems such as heating, coolingSolving the general distributed sensor-actuator network con-
security, lighting, and air humidity and quality control carrol problem not only encompasses topics from traditional
be brought under much tighter and judicious control in theontrol theory, but also problems of phenomena modeling,
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guery processing, and other sensor networks related managéating sensor measurements and sources can be posed as
ment tasks such as location and orientation discovery, routitige optimization of an objective function plus constraints (for
topology management, and security. In this paper, we propose@mple, each source intensity can not be negative and has a
a distributed computation algorithm which can be applieghaximum value). A typical model, such as for light sensing,
for general control problems, and choose lighting control & the superposition model where source intensities impact
our primary driving application for purposes of environmergensor measurements according to a linear coefficient. The
automation and energy conservation. In section Il we discusgsecific details regarding our light sensing and control example
our assumptions and the types of sources and sensors inisysresented in the following subsection.

system. Essentially, for our lighting control example, we ar .

given light intensity requirements at each sensor and the g§al Learning Phase

is, given the current measurements obtained by the sensors, tQur system relies on an explicit learning phase to learn
actuate the controllable light sources in such a way that tHe relationships between sources and sensors. As mentioned

requirements are satisfied according to a convex cost functi@@ove, this is typically done according to a parametric model,
the coefficients of which are learned during this phase of

A. Paper Organization the algorithm. In our implementation for light sensing, we
The remainder of this paper is organized as follows. Thietermine the coefficient relating each controllable source to
next section contains the technical preliminaries, notatioeach sensor by altering one source at a time and recording
the relevant background information, and assumptions uskeé measurements. We assume that all other environmental
in this paper. Section lll contains the problem formulationonditions do not change in this period, except for the source
and optimal quadratic programming solution to the probleiveing altered. In the simulations, we explicitly calculate this
at hand. We use this solution as the base-line for qualitpefficient. In practice, we expect to have a combination
comparisons. In section 1V we discuss four localized heuristid controllable and uncontrollable sources (such as sunlight)
methods for solving the problem: (i) non-overlapping clustesghich may require an extended learning phase to accurately
without historical data (i) non-overlapping clusters with hislearn the coefficients, account for noise, and to model other
torical data (iii) overlapping clusters with historical data, andhanges in the environment.
(iv) multiple source clusters. In section V we present severalHere, we have chosen lighting control as our example
simulation results and discuss the advantages, disadvantagpplication, and thus, model each measurenmiénts a linear
and performance of each method, followed by the concludimgmbination of each source’s intensity at the sensor location
remarks in section VI. < S, Sy, Sz, >

Il. TECHNICAL PRELIMINARIES k
. . Mz = Z aijIj
A. Environmental Assumptions —
]:
We assume we have sensorsS;...S,, and k controllable h I is the intensity of th & q is th
sourcesL;...L; connected to actuators. A sourgg is said ‘oo fi 1S € INtENSty of Ihe sourcé,; and ai; 1S e
coefficient relating the measuremesit to the intensity at the

to be controllable by senso$; if the effect of L; on the . o ;
environment can be measured Byand the distance betvveensourceLj' This coefficient is influenced by three major factors
(as shown in Figure 1):

them is less than a predefinemntrollable ranged (e.g. _ _
communication range). Each sourge can be controlled by + The distance betweefi; and L; (|.SiL;])

one or a group of sensors. A group of sensors controlling as The anglef of S;L; and the normal vector of the sensor
source form a cluster. Thus, all sensors can be groupedrinto plane N;

clustersC; ...C,,, with each cluster containing one controllable « Other environmental conditions such as obstacles, reflec-
source and at least one sensor. Unless specified otherwise, we tions, shadows, etc.

assume that sources are not shared between clusters. Also, since we are dealing with light sources, the delay

At any given time, each sensdi; reports a measurementpetween a source being actuated and its impact on sensor
M; which is assumed to be a scalar value. All the sources jfeasurements is assumed to be negligible and thus, ignored.
the netWOfk, inClUding controllable and uncontrollable SOUrce&sgr other sources where this de|ay must be accounted for’ at
can contribute to the measurement. Generally, the contributigfich step of the algorithm we assume the system can reach

of L; to S; is proportional to|S;Lj|™*, where k is a an equilibrium state before proceeding to the next step.
positive value depending on the type of source. That is, the

longer distance between the sensor and source, the smdfiefCluster Formation

the source contributes to that sensor's measurement. In oufhe underlying problem of assigning sources to sensor
work, we assume we are given a parametric model relatiolysters is solving the the well known corresponding weighted
the measurements of the sensors as a combination of sodmepartite matching [10]. The sources and sensors can be
intensities and other environmental variables such as shaddlmught of as a bi-partite graph with edges connecting each
and reflections for light sensing and convection currents ggnsor (or set of sensors) to each source. Each edge is weighted
a heat field. More specifically, we assume that the modatcording to a cost function that for example could be based



Source However, clearly this comes at the cost of every sensor having
Q L<L,.L,.L, > to send its measurements to the central controller or flood
S/ across the entire network. The controller must then send the
J/ source assignments to each controllable source.
/ Consider the light example we mentioned in the previous
,/ ﬁ section wherel/; is a linear combination of ;. The problem
s’ this case is an instance of linear programming (LP) if the
error function is defined as the sum of errdt(f) = >_ E;).
] If the error function is posed as the Mean Square Error (MSE,
§<S.,S,.S, > 1 o o . .
YA = > E7), then itis a standard from of quadratic programming
Sensor [13]. We will use the later definition of error function in this
paper and use this result for this centralized approach as the
Fig. 1. Sensor and Source Notation baseline to evaluate our distributed approaches.
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centralized case we directly solve for the optimal matching
for the localized heuristics we have to address the distribute

. . nteed to find the optimum solution, the power consumption
clustering and sensor to actuator matching problem as well, s . .
: . . and the latency of transmitting the necessary information to
The cluster formation mechanism can be incorporated wi

i :
an underlying self-configuring protocol such as ASCENT [1t e centralized controller and back to the actuators may be
. o 0 large. In many control applications, latency and power
and SPAN [12]. When a sensor activates, it listens to collect g . : o
: S onstraints are far more important issues than global optimality

current cluster information in the network. If there are alrea

) 3’1‘ the final solution. As a side note, since our application is
formed clusters, it chooses the cluster whose correspond{n : :

. o ; . aggeted at the extremes of low cost operation, the available
source has the shortest distance with itself by sending a Jomemor and processing power at each node will be ver
request to that cluster. If the cluster is full (each cluster has lrps y b 9P y

capacity limitation to limit the traffic within the cluster), the imited, making the centralized optimization approach imprac-

. . -tical.

sensor will choose the next best cluster in a greedy fash|on_|_he main idea in the distributed approach is to divide all

This will repeat until the sensor successfully joins one cluster. .
. sensors into smaller clusters and solve the problem locally.

If a cluster is not found and there are controllable sources . S o

) . ; nstead of doing global optimization, in distributed approach

in the environment, the sensor will start a new cluster ba/

becoming the primary master controller to the source(s) cluster does local optimizations and try to approach the
9 P y * final solution iteratively. Here, we present and analyze four

I1l. CENTRALIZED FORMULATION AND SOLUTION scenarios, the relative performances of which is analyzed in

. . the next section. The four scenarios are:
Consider the case where = 1, i.e. all the sensors and

lights belong to a single cluster. Here, the problem can bel) Non-overlapping clusters without historical data: Here
solved by a centralized controller who is responsible for col- _ the clusters are formed as disjoint sets of SENSors.
lecting information from all sensors to compute the solution. 2) Non-overlapping clusters with historical data: An adap-

This controller can be a special device or an elected sensor Ve version of the above.

node. As we stated above, it is assumed that there aemsors 3) Overlapping clusters with historical data: Here clusters

Si, 1< i<mn, andk sourcesL;, 1 < j < k. For eachS; are allowed to have overlaps. The shared sensors serve
71 — — L] J0 — — . 1

we have a physical measuremelt and required intensity as a means of data exchange between the clusters.
R;. The goal is to find a set of source intensitiesuch that 4) Multiple source clusters: In this scenario we investigate

the resulting physical measuremeritg satisfy the required the_ presence of multi_ple sources and their simultaneous
intensities R;, by minimizing the error functionF(E). The optimization at each iteration step.

'dAIthough the centralized approach in many cases is guar-

problem can thus be formulated as: In order to make the following discussions concrete and
brief, we focus on the light sensing and control application as
arg Minp F(E) posed above.
F(E) = f(E, Es,...E,) A. Scenario I: Non-overlapping clusters without historical
data
Vi: B = |M; — Rl In this scenario all sensors are divided iktelusters; each

cluster contains exactly one designated source and each sensor
belongs to exactly one cluster. Sensor and source information
The physical constraint that the intensity of each sourege only transmitted within the cluster. In each iteration, the
must be located between zero and its maximum value is a@ntrol sensor attempts to optimize the objective function by
plied. In many cases, the result from this centralized approaobmputing the suitable intensity for its designated source (treat
is guaranteed to be optimal and can be solved in one stdge contribution from other source as constant), based on

Vj:0 < L; < max value



the local information from all its members. Compare to the | AssumesS; is the control sensor in the clusték,j)
centralized approach, the number of variables needed to be andC;(j) denote the value in iteratign
optimized here is only one and the objective function is much

simpler. for each cluste€;, k = 1..m {
Similar to the centralized approach, the resulting source computel (j);
intensities may be negative in some cases. If the non-negative increment = 1(j) — I(j — 1);
constraint is introduced into the system, the optimal local 1(j) = I(j)—sign(1(j)—1(j—1))-sign(C;(j)—

answer is to let the light intensity to be zero. However, setting | Ci(j — 1)) - increment - AdjustCoef ficient;
intensity to zero will sometimes cause the result of the overall

optimization to diverge. To address this, in such cases we if 1(j) <0{
randomly choose a value between zero and the intensity at the I(j) =1(j — 1) - rand();
previous iteration. In this scenario, the information required for }

the algorithm is little and the computation is quite simple, at | }
the cost of solution optimality.
B. Scenario Il: Non-overlapping clusters with historical data

In Scenario |, a simpler function and minimal memory
is used. However, it may result in an over- increment @fe manipulated in only one cluster. In certain cases, sensors
decrement in source intensities between iterations. Let gy be allowed to join more than one cluster. For example, if
demonstrate this by considering a simple topology with onlensors; belongs to clustet’; and C, (with corresponding
two lights and two sensors as shown in Figure 2(a). If afteburced.; andL,), it will send its local information to the two
one iteration both sensors’ measurements are larger than tiisters respectively. Then its requirement can be considered
requirements (thé, and, of iteration 2 in Figure 2(b)), they in two clusters. This scenario will result in a larger number
will both try to decrease the intensity of their designated sourge exchanged messages but may increase the accuracy of the
in the next iteration. Since the control sensor treats intensfiyal solution (reduce the mean square error as in our lighting
contribution from other lights as a constant, the decrement fexample).
both lights will be larger than they should be. Conversely, | . . . . .
the mtgasurement forgboth senso)r/s are less than they rgqé'rescenano IV: Clustering with multiple lights
(the I; and I, of iteration 3 in Figure 2(b)), over-increment In the scenarios described above, only one source was
at the next iteration will occur. Also, as shown in Figure 2(chllowed in a cluster. Thus the optimization in each cluster is
when one measurement is less than required and the otsleooting for just one variable. Considering our light example,
larger, the amount of inrcrement/decrement will be less thétme equation for MSE is a quadratic polynomial with one
it should be. variable. Such kind of polynomial has only one minimal value

As a result, Scenario | may need more iterations to converffainimum). If the minimum occurs at < 0, then the minimal
to the final solution. To address this, we use the followingill only occur at I = 0 with the addition of the non-
adaptivity rules for adjustment: negative constraint. The trick described in Scenario | reduces

« If the intensity change of a designated light has th&e probability of divergence but may not helpful in improving
same sign bit as the change of the other lights, tfie accuracy or speeding up convergence.
increment/decrement for the next iteration should be In this section we consider another scenario which allows
reduced. multiple sources in a cluster. Assuming that therezasensors

. If the intensity change of a designated light has difind ¢ sources in a cluster, the MSE equation in a cluster
ferent sign bit as the change of other lights, the incréecomes a quadratic polynomial but with multiple variables.
ment/decrement for the next iteration should be increasdg/en if the minimum occurs at any; < 0, there may

Based on these rules the algorithm in Scenario | can BH/I b€ other minimal values with all; satisfying the non-
modified as shown in the pseudo code in figure 3. negative constraint. Similar to scenario II!, lights could be

The AdjustCoef ficient here is a positive constant tooverlapped be'gween clusters. However, this may lead to.the

adjust the increment/decrement value. In this scenario, ffNtrol contention between clusters and thus we only consider
speed of convergence is increased and the trade-off is tHi non-overlapping sources case in the our simulations.
additional storage for the state of the previous iteration is

required, and the computation is slightly more complicated. V. SIMULATION RESULTS

As the example given above, the result of Scenario Il with 14 evaluate the performance among the proposed scenarios,
AdjustCoefficient equals 10.5 is shown as thenodifiedli \ye designed a simulation environment with 4 lights and 16
and modzf?edfg in figure _2(b) and 2(c)-_ o sensors. Each light or sensor is randomly placed in a 3D space
C. Scenario IlIl: Overlapping clusters with historical data \yith the coordinate< x,y,z > where (0 < z < 1000,0 <

In the two scenarios discussed above, each sensor belongg to 1000,500 < z < 1000) for each light and(0 < z <

exactly one cluster. That is, the requirement of one sensor wil00,0 < y < 1000,0 < z < 500) for each sensor. The lights

Fig. 3. Pseudo-code for Scenario Il
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during the setup stage. In Scenario | and Il, each cluster g £ Cenalized
contains one light and four sensors while no sensor is allowed Sor

to belong to more than one cluster. For scenario Ill, we allow

one of the sensors in each cluster to be shared by another 51

cluster. For scenario IV, each cluster contains two lights and

eight sensors, neither of which is shared between clusters. With % 02 02 06 0B 1
the exception of the controllable light sources, we assume Adjust coefficient

there are no other dynamic events during the simulation.
Consequently, clusters are settled before computation starts,
and the desired goal for each sensor does not change before
computation completes. these three scenarios, scenario | and Il have clearly worse
In the following subsections we evaluate each scenafiéSE and the most suboptimal solutions. Again as expected,
by its performance on accuracy, speed of convergence ave can concluded that the more |IghtS and sensors considered
energy consumption. The figures in the following sectioriith each cluster, the more accurate our results will be, at the
show the simulation result for each criterion versus tHeost of communication power consumption. Also, the value of
AdjustCoef ficient parameter. SincédjustCoef ficient is AdjustCoef ficient doesn't affect the result of MSE.
only used in Scenario Il and IIl, the value for other scenarios |n addition to MSE, the analysis of; for each sensor

Fig. 6. Minimal error for different scenarios

are kept constant whileldjustCoef ficient changes. is shown in Figure 5 and 6. The centralized approach and
scenario IV has lower variance than the others thus they are
A. Accuracy “fair” scheme for every sensor. However, though scenario |,

Figure 4 shows the result of the MSE for all proposet and Ill have higher variance, their minimal error among all
scenarios. As expected, the centralized approach has the Bessors are much less than that of scenario IV. So these three
MSE among all cases. Scenario IV has the second best M&tenarios may be useful for some applications which some set
and scenario Il performs almost the same. Comparing witi sensors have higher priority than others.



processing by the nodes. Assuming there Aréghts and
the number of iteration needed to convergencéVisenergy
consumed is defined as

N k
energy = (I;(i) = I;(i = 1))
i=2 j=1
and the result is shown in Figure 8. As the feature of
scenario Il and Ill the historical record is referred to adjust
the increment/decrement for each iteration, the probability
s n o o o5 | of sharp changes in intensity is reduced. Thus their energy
Adjust coefficient consumed is less than that of scenario I. By choosing proper
AdjustCoef ficient, their performance in this category is
even better than scenario IV.
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= S VI. CONCLUSIONS

-B- SV
Distributed sensing and actuation in the context of wireless

sensor networks hold huge potentials for progress in automa-
tion, control, energy conservation, and smart spaces. At the
same time, they pose a number of difficult new challenges
that are crucial to tackle in order to design and deploy
practical systems. In this paper we focused on environment
control using networks of sensors and actuators targeted at
B T N AT B the ultra low cost, low bandwidth, and low power domains

Adjust coeficient exemplified by the Eaton home control devices, the IEEE
802.15.4 standard, and the efforts of the Zigbee Aliance.

We formulated the light control problem as a centralized
B. Convergence speed instance of quadratic programming and proposed several dis-
etH'buted. heuristics to solve it. The algorithm also relies on
scenarios need to approach their final solution iterative _Iearnmg phase to I.earn the _effects of eac_h source on each
Thus the number of iteration they need to get the fin pnsor arld a clusterlr}g technlque to organize the distributed
solution is also an important criterion in our evaluation. Bﬁomputatlon model. Simulation were used to explore several

checking the result of each simulation, before reaching t gdeoﬁs and analyze the performances of each scenario.

Normalized energy consumed
&

Fig. 8. Energy consumed for different scenarios
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