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Abstract—In recent years, improved wireless technologies have 
enabled the low-cost deployment of large numbers of sensors for 
a variety of applications across different engineering disciplines. 
Because of the computational resources (processing capability, 
storage capacity, etc.) distributed throughout these sensing 
networks, it is often possible to perform advanced data analysis 
tasks autonomously and in-network, eliminating the need for the 
post-processing of sensor data. With new parallel algorithms 
being developed for in-network computation, it has become 
necessary to create a framework in which the computational 
resources available throughout a wireless sensing network can 
be best utilized in the midst of competing computational 
requirements. In this study, a Pareto-optimal market-based 
method is developed in order to autonomously distribute various 
computational tasks with competing objectives and/or resource 
demands across available network resources. This method is 
experimentally validated on a network of wireless sensing 
prototypes. 

I. INTRODUCTION 
As data processing capabilities and techniques continue to 

improve, the modern engineering community has become 
increasingly reliant on sensor data to provide an accurate 
assessment of system behavior and performance. For example, 
experimentally sensed data is vital to properly validating and 
calibrating analytical models and to accurately detecting 
system degradation or failure [1], [2]. As such, the cost 
savings associated with using a wireless communication link 
instead of a data cable between sensor and data repository has 
led to the development of many wireless sensing platforms in 
both the academic and commercial sectors. Wireless sensors, 
which can be manufactured for a few hundred dollars per 
sensing node [3], typically collocate a traditional sensor with a 
low-power microprocessor, an analog-to-digital converter, and 
a wireless transceiver. 

In addition to the cost savings generated by the elimination 
of unnecessary cables, wireless sensing networks (WSNs) 
have also shown great promise because of their ability to 
process sensor data locally at each wireless node. As such, 
many different architectures have been developed for 
embedded data processing using wireless sensors. Early on, 
researchers focused primarily on serial implementations of 
engineering algorithms (Fast Fourier Transform, etc.). These 
embedded data processing methods are relatively power 
efficient when compared to the transfer of raw time history 

data to a central location [4]. However, there is little to no 
sharing of sensor data between nodes, preventing these 
architectures from autonomously determining system-wide 
properties and thereby limiting their scalability. 

As a result, the community has been investigating 
increasingly parallel methods of processing data using WSNs. 
For example, several hierarchical data processing methods 
have been developed in order to improve network scalability 
and to allow for spatial in-network reasoning through data 
sharing [5], [6], [7]. These approaches have been shown to 
improve network flexibility and scalability, but tend to either 
underutilize the computational capabilities of the majority of a 
network’s nodes or rely on a stark tradeoff between data size 
and computational accuracy. More recently, researchers have 
been exploring explicitly parallel data processing 
environments for use within dense WSNs [8]. By parallelizing 
computational tasks across a WSN, problems associated with 
power efficiency, data loss, and finite communication ranges 
can be minimized while providing a framework for the 
autonomous, in-network processing of sensor data. 
Furthermore, by creating a data processing architecture that 
views a wireless network as a parallel computer with an 
unknown and possibly changing number of processing nodes, 
complicated types of data analysis can be performed while 
maintaining a scalable environment that is not only resistant to 
communication and sensor failure, but that also becomes 
increasingly efficient at higher nodal densities [9]. 

Although the development of these parallel algorithms 
represents a significant step towards the automation of data 
processing tasks within WSNs, one of the key challenges yet 
to be overcome is that in the wireless environment many 
system resources (such as battery power, data storage 
capacity, MPU time, wireless bandwidth, etc.) required to 
perform complex computational tasks are available only in a 
limited manner. As such, especially in networks where 
multiple computational tasks may need to be processed 
simultaneously, it is important to devise a near-optimal 
method of distributing and consuming these scarce system 
resources throughout the network. 

In this study, a task distribution framework based on free-
market economics is developed and used to help allocate 
system resources for the simultaneous processing of multiple 
computational tasks within a WSN. Free-market economies 
can be thought of as large collections of autonomous market 
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agents (participants) such as producers (sellers) and 
consumers (buyers), where each agent is forced to compete 
against other agents in a competitive marketplace with scarce 
resources. As such, market-based techniques are a logical 
choice for applications within autonomous sensor networks, 
where each sensor can act as an independent agent. These 
methods also provide increased efficiency, reliability, and 
flexibility relative to an a priori task assignment mechanism. 
In order to provide a viable, robust testbed in which to validate 
the market-based concepts proposed herein, the n-Queens 
problem is chosen as a simple optimization task that will fit 
nicely within the existing parallel data processing framework 
developed by Zimmerman and Lynch [9]. 

II. THE N-QUEENS PROBLEM 
The n-Queens problem is a well-known benchmark for 

evaluating the performance (i.e., speed and efficiency) of 
optimization or search algorithms developed in the computer 
science community. The objective of the n-Queens problem is 
to place n chess queens on an n x n chess board (where n ≥ 4) 
such that no queen can attack another queen following basic 
chess rules. In other words, no queen can be placed on the 
same row, column, or diagonal as another queen. One of the 
many solutions to the 8-Queens problem is seen in Figure 1a. 

The n-Queens optimization problem proceeds by 
attempting to minimize an objective function, E, which sums 
the number of conflicts between queens in a given chess board 
configuration. In an analytical sense, if a queen is at position 
(I, J), it is in direct conflict with any queen at position (i, j), if i 
= I (same column), or j = J (same row), or |i – I| = |j – J| (same 
diagonal). So, if we let qij represent each square on a chess 
board, and if we set qij equal to 1 if there is a queen at position 
(i, j), and 0 otherwise, we can create an appropriate objective 
function, E, as follows: 
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with the first term summing row conflicts, the second term 
summing column conflicts, the third term summing upper 
diagonal conflicts, and the fourth term summing lower 
diagonal conflicts. Each combination of squares qij and qIJ 
returns 1 if there is a queen conflict and 0 if there is not, 

leading to a sum equal to the total number of conflicts. To 
minimize duplicate conflicts, each square on the chess board is 
evaluated only once against all other squares. 

 For the implementation of the n-Queens problem in this 
study, we choose to start with a board configuration such that 
a queen is placed on each diagonal square (i, j) where i = j, as 
seen in Figure 1b. Clearly, in this initial state, each queen is in 
conflict with all other queens. New search states are generated 
by swapping the queens laying on two randomly selected 
rows, while retaining each queen’s initial column. In this way, 
there is always one queen in each row and one queen in each 
column. This state generation method allows for significantly 
faster convergence of the optimization problem, as the first 
two terms of the objective function (Equation 1) can be 
ignored. The n-Queens problem is an ideal testbed in this 
study because it allows us to easily explore computational 
tasks of varying complexity by simply increasing the n-
Queens problem size. Specifically, in order to simulate 
multiple computational objectives, the WSN in this study will 
be asked to simultaneously solve four n-Queens tasks of 
varying complexity (25-Queens, 50-Queens, 75-Queens, and 
100-Queens). 

A. Wireless Parallel Simulated Annealing 
There are many existing methods capable of solving 

combinatorial optimization problems like n-Queens. In this 
study, we have adopted a wireless parallel simulated annealing 
(WPSA) algorithm developed by Zimmerman and Lynch [9] 
as a stochastic technique capable of solving optimization 
problems in parallel using a WSN. The simulated annealing 
(SA) search algorithm, originally proposed by Kirkpatrick et 
al. [10], proceeds by repeatedly replacing the current solution 
with a psuedorandomly generated solution. The difference 
between this search technique and other greedier methods is 
that SA utilizes a global parameter TSA (termed the annealing 
“temperature”) in order to allow suboptimal moves to occur 
during the search. The magnitude of this parameter, which 
decreases gradually over the course of a search, helps prevent 
the SA method from prematurely converging on local minima. 
As such, SA searches tend to move randomly at first when TSA 
is large, but become increasingly greedy as TSA goes to zero. 
The WPSA technique functions by creating a “chain” of 
processing agents (see Figure 2), and assigning a number of 
SA search iterations at a given temperature step to each agent. 
Thus, when a sensor finishes searching at a given temperature 
step, it frees itself from the computational chain and becomes 
available for computation on another, lower temperature step. 

In the context of this study, each of the four computational 
tasks mentioned above is defined as an SA task with an 
associated complexity, CSA, of 25, 50, 75, and 100, 
respectively. These four computational tasks are 
simultaneously posed to a WSN, and network resources are 
distributed amongst the four tasks using the market-based 
methodology proposed herein. 

III. MARKET-BASED TASK ASSIGNMENT 
One incredibly complex system that is optimally 

controlled in a decentralized manner is that of the free-market 
economy, where scarce societal resources are distributed 

           
(a)                                                   (b) 

Figure 1.  (a) One optimal solution for the 8-Queens problem and 
(b) initial board configuration. 
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based on the local interactions of buyers and sellers who obey 
the laws of supply and demand. Recently, researchers have 
begun to utilize market-based concepts for the control or 
optimization of complex systems, most often in the realm of 
computer architecture where a market analogy is useful for 
modeling computer systems such as memory usage or network 
traffic [11]. Perhaps the greatest benefit of market-based 
optimization is that it can often yield a Pareto optimal 
solution. A Pareto optimal market is one in which no market 
participant can reap the benefits of higher utility or profits 
without causing harm to other participants when a resource 
allocation is changed [12].  

Conceptually, it would be somewhat trivial to develop a 
simple auction-based system which could be used to crudely 
optimize a WSN task distribution system based on only one 
goal, such as minimizing time to task completion. However, it 
is significantly more valuable to consider a more robust 
market-based scheme that can optimally allocate resources in 
the midst of several additional competing objectives, such as 
wireless bandwidth usage and battery consumption. In this 
study, we attempt to create this type of system through the use 
of buyer and seller “utilities”. By embedding within each 
market agent (i.e., wireless sensor) the desire to maximize an 
individual utility function, competing goals can be settled 
through market means (supply and demand functions, price, 
etc). The result is a Pareto optimal allocation of scare system 
resources. In this study, we are particularly interested in three 
distinct (but possibly competing) performance objectives: 
(O1) completing all required computational tasks as quickly as 
possible, (O2) minimizing power consumed by the sensor 
network, and (O3) functioning as robustly and as reliably as 
possible. In order to measure the ability of the market-based 
system to address these three objectives, three performance 
metrics can be created and utilized: (M1) the time required to 
complete each task, (M2) the number of wireless 
transmissions required to complete each task, and (M3) the 
number of sensor and communication failures encountered 
during each task. 

A.  Buyer/Seller Framework 
As seen in Figure 2, the sellers in this market can be 

defined as the set of sensors in the wireless network not 
currently working on any computational task. These sensing 
units will be “selling” their computational abilities to a 
number of buyers, represented by the set of sensors most 
recently added to each existing computational task. In order to 
simultaneously address all three performance objectives (O1, 
O2, and O3) in a streamlined manner, buyers and sellers focus 
on different goals. In this market, sellers work to minimize 
network power consumption (O2). Because the wireless radio 

consumes significantly more power than any other sensor 
component [4], sellers gain utility by minimizing the number 
of wireless communications required to complete each task. 
Buyers, on the other hand, work both to minimize the overall 
time spent computing (O1) and to maximize network 
reliability (O3). Thus, buyers gain utility by minimizing CPU 
time required to complete each task and minimizing CPU time 
lost due to sensor or communication failure.  

B. Buyer-Side Utility Function Development 
In light of this framework, it is now necessary to explicitly 

derive utility functions associated with both buyers and sellers. 
These utility functions will govern whether or not a buyer for 
a given computational task will place a bid on the services of a 
seller and which buyer, if any, a seller will sell its services to. 
On the buyer side, a utility function, UB, can be intuitively 
thought of as the total amount of time a computational task 
saves by adding an additional processing node, and can 
therefore be defined as follows: 

 UB = TS - αB · TSF - βB · TCF (2) 

where TS, TSF, TCF, αB, and βB are defined in detail below. 

For any computational task, the value of TS represents the 
decrease in computation time required to complete the task 
brought about by the addition of one processor to those 
processors currently working on the task. While there is often 
no way to directly formulate an analytical expression for this 
value, a trend can be established by looking at the average 
amount of time it takes a task to complete from a given point 
in its computation while utilizing a given number of 
processors. In the case of a combinatorial optimization task 
like n-Queens being solved using the WPSA algorithm, TS can 
be expressed as the difference between the average time 
required to complete a task of complexity CSA where PSA nodes 
are currently computing at temperature steps up to TSA, and the 
average time required to complete the same task where PSA+1 
nodes are computing at temperature steps up to TSA+1.  

Using data gathered over a large number of experimental 
trials, Figure 3a shows the amount of time saved by adding an 
additional processing node to the 100-Queens problem when 
the last node in the WPSA chain is at a given temperature step 
(TSSA). Note that the relationship between TS  and the current 
state is independent of PSA, and thus can be approximated by 

 
Figure 2.  Buyer/seller distinction for market-based task assignment. 

                              (a)                                                          (b) 

Figure 3.  For the 100-Queens problem, graphical representations and 
analytical fits for (a) TS and (b) TC. 
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an easily computable algebraic function: 
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where the values for α, β, δ, and γ are specific to each task 
complexity, CSA, and are tabulated in Table I. The quality of 
the analytical fit provided by this function for the 100-Queens 
problem can also be seen in Figure 3a. Fits of similar quality 
can be found for all other problem complexities considered. 

For any computational task, TSF represents the expected 
increase in processing time lost due to sensor failure brought 
about by the addition of one processor. Unlike TS, this quantity 
can be derived analytically. Intuitively, if any sensor 
succumbs to either hardware or software failure while it is 
involved in a WPSA task, all work done by the failed node, as 
well as all nodes below it would be lost. As such, TSF can be 
expressed as the amount of time required for the newly added 
processor to complete its required NSA search iterations 
multiplied by the probability that either it or any one of the PSA 
processors above it in the search chain succumbs to sensor 
failure. Analytically, this value can be expressed as: 

 ( ) ( ) ( )SA
P

SSSASASF NTpNPT SA ⋅−= +11,  (4) 

where T(NSA) is the average time required for one sensor to 
complete NSA search iterations and pSS is the probability that a 
given sensor completes its NSA search iterations without 
failing. This value is dependent on the wireless sensor 
platform being used and the environment in which it is 
deployed, but is typically quite high (>0.95). 

For any computational task, TCF represents the expected 
increase in processing time lost due to permanent 
communication failure brought about by the addition of one 
processor. Like TSF, this quantity can also be derived 
analytically. If any sensor permanently loses communication 
with its parent while it is involved in a WPSA task (for 
example, if it becomes physically blocked by a door or other 
impediment), any work done by the failed node and all nodes 
below it would be lost. As such, TCF can be expressed as the 
amount of time required for the newly added processor to 
complete NSA search iterations multiplied by the probability 
that either it or any one of the PSA-1 processors immediately 
above it in the search chain permanently loses parental 
communication. The probability of failure of any chain of 
parent-child communication links is not only dependent on 
PSA, but also on the signal strength (RSSI) of each respective 
wireless communication link, c. As such, an analytical value 

for TCF can be expressed as: 

 ( ) ( ) ( )SA

P

c
RSSI

CS
SACF NT

e
p

RSSIPT
SA

c
⋅⎟⎟

⎠

⎞
⎜⎜
⎝

⎛

+
−= ∏

=
+−

1
040401

1,  (5) 

where T(NSA) is as before and pCS is the probability that a 
given communication link of perfect signal strength is not 
permanently destroyed during NSA search iterations. This value 
is dependent on the wireless sensor platform being used and 
the environment in which it is deployed, but is usually also 
quite high (>0.9). 

Having examined in more detail the derivation of TS, TSF, 
and TCF, it can now be seen from Equation 2 that αB and βB are 
weighting parameters that allow a WSN to prioritize between 
speedup, communication reliability, and sensor reliability. 
This type of weighting creates an extremely adaptable 
computing environment that can change, in real-time, to 
shifting computing needs within a WSN. 

C. Seller-Side Utility Function Development 
On the seller side, a somewhat simpler utility function, US, 

can be developed in a similar fashion to UB. Intuitively, seller 
utility can be thought of as the total amount of additional 
power a computational task requires as a result of adding an 
additional processing node. Since the majority of power 
consumption in a wireless sensing device comes from the 
wireless radio (which consumes significantly more power than 
a microcontroller), the seller can maximize its utility by 
minimizing the amount of time the wireless network spends 
communicating.  As such, US can be defined as follows: 

 US = -TC (6) 

For any computational task, the value of TC represents the 
expected increase in communication required to complete the 
task brought about by the addition of one processor. Much like 
TS, there is often no way of directly formulating an analytical 
expression for this value. As such, a trend can be established 
for any computational task by looking at the average number 
of communications that occur as a task of complexity CSA 
converges on a solution from a given temperature step, TSSA, 
with a given number of processors, PSA. Using data collected 
over a large number of experimental trials, TC can be 
expressed as the difference between the average number of 
communications required to complete a search where PSA 
nodes are currently searching up to temperature step TSSA and 
the average number of communications required to complete a 
search where PSA+1 nodes are currently searching up to 
temperature step TSSA+1. 

Figure 3b shows the amount of additional communication 
(in bytes) required when an additional processing node is 
added to the 100-Queens problem and the last node in the 
WSPA chain is at a given temperature step (TSSA). Note that 
the relationship between current state and extra 
communication required by adding a processor is independent 
of PSA, and thus can be approximated by an easily computable 
algebraic function: 

TABLE I.  COEFFICIENTS FOR CALCULATING TS

25 50 75 100

α 0.0 1.0 8.0 20.0
β 12.3 35.9 73.5 126.9
δ 13.0 23.0 27.0 29.5
γ 8.3 19.7 39.5 63.4

Number of Queens (CSA)
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where values for α, β, and γ are specific to each task 
complexity, CSA, and are tabulated in Table II. The quality of 
the analytical fit provided by this function for the 100-Queens 
problem can be seen in Figure 3b. Fits of similar quality can 
be found for all other problem complexities. 

D. Wireless Task Assignment Algorithm 
Having developed utility functions associated with both 

buyers and sellers, it is now possible to create a methodology 
with which wireless sensing units can buy and sell processing 
time. By expanding on the fundamental principles of an 
auction, the following procedure is developed: 

Step 1) All sensing units not currently computing will broadcast their 
availability to the network (as market sellers). 

Step 2) The wireless sensors having most recently joined each existing 
computational task (market buyers) will calculate UB based on 
the computational task they are working on, and place a bid of 
UB if UB > 0. 

Step 3) Market sellers will calculate US based on each proposed 
computational job offer they receive. 

Step 4) Once all bids have been received, market sellers will calculate 
their expected profit from each proposed job using a market 
power / speed exchange rate (γM) that represents the minimum 
number of seconds of computational speedup that must be 
gained in order to warrant an additional byte of communication: 

 profit = UB – γM · US (8) 

Step 5) Market sellers will choose the bid that generates the greatest 
non-negative profit, and join the corresponding computational 
task. 

Using this algorithm, computational assignments will be 
distributed throughout the network in such a way that the 
overall utility of the market is maximized. Because of the 
addition of the weighting parameters, αB, βB, and γM, the 
resulting framework is also capable of optimally adapting, in 
real-time, to shifting computing needs within a wireless 
network. For example, assume a computing task surfaces 
where quality communication channels are absolutely 
essential. Without any reprogramming of the sensing network, 
the network can reassign a larger βB value in order to reflect 
the added emphasis on avoiding communication failure. 

Similarly, αB can be used to emphasize sensor reliability and 
γM to stress either power savings or computing speed. 

IV. EXPERIMENTAL TESTBED AND RESULTS 
In order to validate the market-based task assignment 

methodology developed in this study, both the WPSA 
algorithm and the market-based task assignment algorithm 
described above are embedded within a network of 20 
Narada wireless sensors [13]. The Narada sensor, developed 
at the University of Michigan, has at its computing core an 
Atmel Atmega128 microcontroller. It is also equipped with a 
4-channel 16-bit Texas Instruments ADS8341 ADC and a 
Chipcon CC2420 IEEE 802.15.4 compliant wireless radio for 
scalable wireless communication between sensors. 

To begin with, four optimization tasks of varying 
complexity (the 25-Queens, 50-Queens, 75-Queens, and 100-
Queens problems) are randomly assigned to four available 
Narada wireless sensors. Each of these four sensors then 
become the “master” node in the search chain associated with 
their given n-Queens task. After these assignments have been 
made, an additional pool of processing nodes (containing 
between 1 and 16 wireless sensors) is made readily available 
for computational use. At this point, the market-based bidding 
process begins, and each of the four master nodes are allowed 
to “bid” on the computational services of the free sensing 
nodes. This bidding process proceeds as described above. If a 
“master” node finishes the WPSA search at its assigned 
temperature step without finding a global minimum, it will 
pass its “master” status on to its child, making itself once 
again available for computation on any of the four 
computational tasks. 

In order to begin evaluating the performance of the 
proposed market-based task distribution methodology, it is 
first necessary to establish a benchmark against which to 
compare timing results. In order for the market-based method 
to be proven effective, it must be shown that a WSN utilizing 
the proposed method is capable of completing the four 
assigned tasks at least as quickly as if an optimal number of 
processors had been assigned a priori to each task at the outset 
of computation. Even a certain amount of degradation in 
computing speed with respect to an a priori optimization may 
serve to validate the market-based method, as the scalability 
and failure tolerance of real-time task assignment greatly 
outweigh any small time savings when dealing with full-scale 
problems. Note that optimal a priori task distributions become 
exponentially more difficult to create as additional tasks or 
processors are added, and an a priori assignment of tasks 
cannot repair itself in the wake of sensor failure. 

Experimental data is gathered using Narada networks of 
varying sizes. In each experimental instance, the WSN is 
asked to solve all four n-Queens problems. Figure 4 compares 
the experimental market-based performance against the 
performance of an a priori task assignment scheme with 
respect to the total time required for each method to complete 
all assigned tasks. It can be seen from these plots that the 
market-based task distribution method performs as well, if not 
better than an optimal a priori assignment of tasks. Note that 
there is inherent scatter in the market-based results, as the SA 

TABLE II.  COEFFICIENTS FOR CALCULATING TC

25 50 75 100

α 1 0.40 0.50 0.55 0.50
β 1 13.00 24.40 28.00 30.25
γ 1 5.00 10.20 15.30 22.25
α 2 0.00 0.40 0.40 0.25
β 2 0.00 13.00 15.00 20.00
γ 2 0.00 -0.60 -2.00 -5.75
α 3 0.80 0.80 1.00 0.70
β 3 4.00 4.00 4.00 4.00
γ 3 1.75 1.75 1.80 2.50
δ 0.00 0.20 1.20 2.50

Number of Queens (CSA)
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algorithm itself fluctuates somewhat in its speed to 
convergence, and not enough data was gathered to form a 
statistically significant curve. But on average, it can be seen 
that the proposed market-based method actually performs 
better than an a priori optimal distribution. 

Second, in order to evaluate the ability of the three 
weighting parameters (αB, βB, and γM) to alter the autonomous 
distribution of computational resources, experimental data is 
gathered using a network of 20 Narada wireless sensors. In 
each experimental instance, the WSN is asked to solve all four 
n-Queens problems with values of γM varying between 0 and 
0.07. As seen in Figure 5, a distinct tradeoff can be observed 
between the amount of time required to complete all four tasks 
and the total amount of transmitted data as the value of γM is 
increased. This is evidence that the market-based methodology 
proposed herein can effectively and autonomously prioritize 
between competing computational objectives such as 
computing speed and power consumption. 

V. SUMMARY AND CONCLUSIONS 
This study demonstrates a market-based method of 

optimally allocating scarce system resources (such as battery 
power, data storage capacity, MPU time, wireless bandwidth, 
etc.) within a WSN. In this market-based framework, available 
wireless sensors are distributed amongst multiple 
computational tasks through a bidding process. It is found that 
this task assignment method allows a set of multiple 

computational tasks to be completed as quickly as if an 
optimal number of sensors were assigned a priori to each task 
at the outset of computation. This property is extremely 
advantageous, especially as the number of computational tasks 
and/or available processors increases. Additionally, through 
the use of three weighting parameters (αB, βB, and γM), this 
market-based method allows the network to shift priority from 
one scarce resource to another, providing a flexible framework 
where scarce resources can be optimally consumed in the 
midst of competing resource-based objectives. 
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Figure 4.  Experimentally gathered time-to-completion data for market-

based and optimal a priori task assignment vs. number of processors. 

 
Figure 5.  Experimentally gathered time-to-completion and communication 

data for market-based task assignment vs. weighting parameter γM. 
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