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ABSTRACT

The widespread adoption of embedded computing systems has resulted in the realization
of numerous sensing, decision, and control applications with diverse application-specific
requirements. However, such embedded systems applications are becoming increasingly
difficult to design, simulate, and optimize due to the multitude of interdependent
parameters that must be considered to achieve optimal, or near-optimal, performance that
meets design constraints. This situation is further exacerbated for data-adaptable
embedded systems (DAES) applications due to the dynamic characteristics of the
deployment environment and the data streams on which these systems operate. As
operating conditions change, these embedded systems must continue to adapt their
configuration and composition at runtime in order to meet application requirements.
To assist platform developers and application domain experts, the research
summarized by this dissertation presents design and optimization frameworks for the
synthesis of runtime adaptable embedded systems. For sensor network platforms, we
present an initial dynamic profiling and optimization platform that profiles network and
sensor node activity to generate optimal node configurations based on designed-specified
application requirements. To support a broader class of DAES applications, we present a
modeling and optimization framework that supports the specification of application task
flows, data types, and runtime estimation models for the runtime adaptation of task
implementations and device mappings.
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Experimental results for these design and optimization frameworks demonstrate the
benefits of dynamic optimization compared to static optimization alternatives. For the
presented sensor network and video-based collision avoidance applications, dynamic
configurations exhibited improvements of up to 109% and 76%, respectively. Moreover,
the performance of the heuristic design space exploration (DSE) algorithms utilized by
the runtime optimization frameworks is compared to exhaustive DSE implementations,
resulting in speedups of up to 1662X and 544X for the same two applications,
respectively.
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CHAPTER 1
INTRODUCTION

Embedded computing systems have found widespread adoption in numerous sensing,
decision, and control applications by virtue of the increasing performance to price ratio of
microcontrollers and other more complex processing devices [1]. Embedded systems
comprise the computational backbone of applications in various domains including
consumer electronics, automotive control, multimedia systems, and many others. Given
the diversity of application possibilities, it is not surprising to see a wide range of highlevel application requirements that must be considered. For example, in safety-critical
automotive applications, task execution latency constitutes a primary design concern to
ensure real-time deadlines are met. On the other hand, energy consumption may be the
dominant design concern for distributed applications deployed on wireless sensor
networks (WSN), which consist of battery-powered networked microcontrollers called
nodes. We refer to these high-level application requirements as design metrics, which
include latency, lifetime, throughput, security, among many others.
To achieve the desired high-level application requirements, platform developers
must carefully design, configure, and optimize the software application, supporting
operating systems or middleware, and the underlying hardware platform. At the hardware
level, designers may consider voltage levels and operating modes for the processor
[1][98] and communication settings including baud rates, packet sizes, or encoding
schemes for networked applications. At the application level, designers can utilize
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alternative task implementations, data aggregation, communication methods for lowpower listening, sleep states [22], and network deployment strategies [35]. These
configurable, or tunable, parameters span all levels of an embedded application, and
platform developers

must understand the

complex

interdependences between

configurable parameters and high-level design metrics to ensure the deployed system
meets the desired requirements.
Additionally, the dynamic characteristics of the physical environment in which
the system is deployed can significantly impact the effectiveness of configuring and
optimizing the embedded application. A static configuration determined at design time,
i.e., a point solution, often cannot account for variability in data qualities, operational
modes, etc. For example, a change in the quality or characteristic of sensed data may
trigger a high-activity operational mode that consumes more energy across the entire
system. If the increased energy consumption exceeds application requirements, runtime
optimization and adaptation is required in order to mitigate overheads, meet performance
requirements, or even restore proper functionality.
Ultimately, optimizing embedded systems applications can quickly become an
overwhelming task due to the large number of design options and competing design
metrics that must be considered – a common challenge with many multi-objective design
optimization problems. Furthermore, system design tasks are often split across platform
developers and application experts. Whereas platform developers are typically engineers
with the requisite understanding of hardware and software required to develop the
embedded platform, application experts – utilizing the terminology proposed in [9] – are
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often not engineers, but rather scientists, biologists, or teachers. For example, an
application expert may be a biologist recording nocturnal animal activity at a watering
hole, a structural engineer monitoring the structural integrity of a bridge, or a military
technician tracking troop movements over a battlefield. Many of these application experts
are not likely to have extensive programming or engineering experience and will
assuredly face difficulty in constructing, configuring, and optimizing embedded
applications to best meet their application-specific goals.
Consequently, the implementation of runtime adaptable embedded systems
capable of dynamic reconfiguration in the face of competing design metrics requires new
formalisms and tools to support design, simulation, and synthesis. This dissertation
presents design and runtime optimization frameworks for two classes of embedded
systems applications: sensor network platform applications and data-adaptable embedded
systems applications. The contributions in this dissertation are: 1) a dynamic profiling
and optimization platform (DPOP) for the runtime optimization of sensor network
platforms; 2) a fuzzy logic based formalism for the specification of high-level design
metrics and overall system fitness; 3) a modular transaction-level simulator for sensor
network platform applications; 4) a modeling and optimization tool for the design and
runtime optimization of DAES applications; and 5) a model-based fuzzy logic
classification synthesizer for the runtime optimization of DAES applications.
Chapter 2 presents a framework for the dynamic profiling and optimization of
sensor network platforms, including a generic fuzzy logic based formalism for the
specification of competing high-level design metrics and overall system fitness. Chapter
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3 then introduces a modular transaction-level simulator that enables design-time
simulation of sensor network applications. This simulator supports event-based
simulation of custom applications, sensor node hardware, wireless communication media,
and sensed environmental media. Chapter 4 presents a modeling and runtime
optimization tool for a growing class of distributed embedded applications known as
DAES applications. Chapter 5 presents an extension to the DAES modeling and runtime
optimization tool that enables both the specification of competing high-level metrics via a
fuzzy logic based formalism and the specification of models that estimate fuzzy
classifications for each high-level design metric at runtime. Chapter 6 and Chapter 7
conclude and highlight future work, respectively.
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CHAPTER 2
DYNAMIC PROFILING AND FUZZY LOGIC BASED OPTIMIZATION OF
SENSOR NETWORK PLATFORMS

2.1 Overview
Sensor networks are a class of distributed embedded systems consisting of networked
sensing and computing nodes. Numerous sensor network platforms have appeared, with
platforms targeting environmental and structural monitoring, medical-based applications,
and wearable computing, among numerous others [19][38][59][98]. Application experts
utilizing sensor network platforms aim to optimize configurable parameters to achieve
the desired application-specific requirements.
Many studies have investigated the interdependency between these parameters
and the impact on the resulting high-level design metrics. For example, [1] investigates
the impact of protocol-level parameters such as a node’s shutdown scheme, network
routing algorithms, and data compression schemes. In [102], researchers utilize design
space exploration for node-level parameters, specifically microprocessor voltage and/or
frequency scaling. Moreover, application-level parameters such as sensor capability,
number of sensors deployed, sensor sampling rate, and deployment strategy – e.g. grid,
random, and biased deployment – are shown to greatly affect high-level design metrics
such as accuracy, latency, energy, throughput, and scalability [61][93].
However, the interdependences between parameters and high-level design metrics
are not isolated based on node-, protocol-, or application-level parameters. Rather,
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parameters spanning various levels must be considered together. Parameters
encompassed at all levels are surveyed in [35], outlining the energy impacts of various
communication protocols, node circuitry, message size, distance between nodes, and
number of intermediate nodes. Similarly, the impact of different protocols and algorithms
on energy consumption are examined in [88], including the use of dynamic voltage
scaling and sleep states. Numerous other studies similarly illustrate the need for
developers

to

evaluate

a

wide

variety

of

platform

considerations

[31][43][46][47][87][88][89].
Further complicating matters, the operating modes of sensor network applications
are heavily dependent on the dynamic characteristics of the deployment environment.
That is, a sensor node’s state is commonly driven by the characteristics of the sensed
phenomena in the environment. Therefore, application experts must take into
consideration the complex interdependences between configurable parameters, dynamic
application activity, and the application’s high-level design metrics during the design and
optimization phases.
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Figure 1: Overview of the dynamic profiling and
optimization platform (DPOP).
As new applications for sensor network platforms emerge, providing new methods
to enable application experts to efficiently utilize these platforms is increasingly
important. Recently, researchers have started focusing on developing languages enabling
application experts within specific domains to efficiently program sensor network
platforms [10]. Complimentary to these efforts, others have also begun to investigate
various optimization methodologies [66][67] to quickly and efficiently determine an
appropriate system configuration considering competing design metrics. These earlier
efforts utilized weighted piecewise linear equations to define the importance of the
individual design metrics on the overall system fitness. However, such formalisms are
often difficult to utilize efficiently for such multi-objective optimization [62] and may not
be approachable by application experts.
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Table 1: Overview of WSN design metrics, configurable parameters, and tradeoffs
considered in related research projects.
Lifetime
Output Power

[39][50]

MAC protocol

[20][106]

TX sleep states

[83][90]

Routing Protocol

[3][39]

Sensor duty cycle

[16][103]

Packet Delivery
Rate

Coverage Area

Latency

Throughput

[20][50][106]

[20]

[4]
[106]

[50][83][90]
[26]

[4][26]

[50]

[16][103]

This chapter presents a dynamic profiling and optimization platform (DPOP) for
sensor networks (Figure 1) enabling application experts – as well as platform developers
– to optimize low-level configurable parameters for a particular application. This
centralized optimization framework, typically implemented within a single basestation
node, allows application experts to efficiently characterize application requirements
through high-level design metrics and fuzzy logic optimization rules. The low-level
configurable platform options are abstracted from the application experts, thereby
providing a clear delineation between developing the sensor network platform and
supporting tools, and programming/configuring that platform to implement the desired
application functionality and application-specific goals. The DPOP framework
specifically seeks to increase accessibility to non-engineer application experts.

2.2 Previous Work
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Table 1 presents a condensed view of high-level design metrics, configurable parameters,
and systems tradeoffs described in wireless sensor network (WSN) optimization
literature, representing a cross-section of the types of design metrics and tunable
parameters application experts and developers consider in their optimization efforts.
Network lifetime is by the far the most prominent design metric found in literature, with
researchers often opting to mitigate power consumption by tuning radio output power
[39][50], transceiver sleep/active states [83][90], routing protocols [3][39], or MAC
protocol parameters [20][106].
Optimizing lifetime, however, often involves carefully balancing tradeoffs
between competing design metrics. In [106], MAC protocol parameters are tuned in order
to optimize lifetime, latency – the time necessary to deliver a packet over one hop – and
packet delivery rate. Similarly, in [20] competing high-level design metrics include
lifetime, latency and throughput measured in bytes transmitted per node per second. [90]
and [83] both utilize algorithms that modify transceiver sleep/active states in order to
strike a balance between lifetime and latency, with the former defining latency as the
time necessary to transition between power states and respond to an event. Finally, [16]
and [103] seek to optimize coverage area given a constraint on lifetime, where coverage
area is defined as the physical area monitored by sensors.
We note that configurable parameters are typically specific to the individual
optimization methodologies and the configuration options available to the platform
developer or application expert. Thus, for the sake of brevity, tunable parameters specific
to each of the aforementioned papers have been generalized into the categories shown in
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Table 1. Based on these papers, we can begin to characterize design metrics of interest to
application experts and developers. Although we only consider a particular subset of
design metrics in this dissertation, namely lifetime, latency and packet delivery rate, it
should be noted that our dynamic profiling and optimization platform is specifically
designed to work with most, if not all, combinations of configurable parameters and
design metrics.

2.3 Dynamic Profiling and Optimization Platform
The underlying goal of the DPOP platform is to dynamically determine sensor node
parameter configurations that best meet user-defined goals as internal and external
stimuli alter the application’s behavior. A description of each component within the
DPOP framework is provided below.
2.3.1 Sensor-Based Platform
The Sensor-Based Platform is the physical deployment of the application within the
intended environment and consists of sensor nodes, intermediate processing and routing
nodes, and actuator nodes, working together to achieve the desired application
functionality. While a variety of sensor network platforms are available, we currently
consider the IRIS motes [19]. We focus specifically on the microprocessor and radio
subsystem, providing tunable node parameter options for the microcontroller and RF
Transceiver. The sensor and flash data logger subsystems are included as part of the
system estimation framework, but characterization of these components is currently left
as future work.
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Between the microcontroller and transceiver, we consider the following configurable
platform parameters:


Microprocessor Supply/Operating Voltage (V): 2.7 – 5.5 V



Microprocessor Operating Frequency (F): 0.4 to 16 MHz



RF Output Power (RFP): -17.2 to 3.0 dB



RF Frequency (RFF): 2405 to 2480 MHz



Data Rate (DR): 15.625 to 250 kbits/s

A specific node configuration corresponds to selecting a setting for each adjustable node
parameter. As previously mentioned, these parameters are adjusted within our centralized
DPOP framework in order to optimize the configuration based on the user specified
design metrics of interest. We note that some combination of settings are not feasible and
are not considered. Thus, while there are over 225,000 possible combinations of settings,
of those only 189,440 configurations are feasible.
2.3.2 Application Expert Design Metric Specification
Ultimately, the application expert is interested in high-level system metrics such as the
expected lifetime of a node or sensor network utilizing two AA batteries, the time
required to process a single packet, or the time required to process and respond to a
sensor event. The Application Expert Design Metric Specification allows the application
expert to define which design metrics are of importance to a particular application, and of
those design metrics, what are the acceptable or unacceptable values of each. Thus, users
are able to define a method to interpret the resulting system achievement within the
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context of a given application. We currently consider the following three system design
metrics:


Lifetime (L): The time in months a node is able to operate on a power source. In
our case, we utilize a simple battery model assuming a battery capacity of 3000
milliamp-hours (mAhr) – roughly equivalent to a 2 AA batteries.



Packet Delivery Rate (P): The probability that a packet is successfully
transmitted.



Latency (LA): The time in seconds necessary to successfully transmit a packet to a
neighboring node over one hop.

These design metrics by no means provide an exhaustive list, but rather provide a
glimpse of the challenges faced by application experts in balancing various high-level
design metrics.
2.3.2.1 Fuzzy Design Metric Classification
An application expert is familiar with the desired goals of the application, understands
how the sensor network achieves these goals, and can determine acceptable design
metrics values for the particular system of interest. The use of fuzzy logic allows
application experts to more intuitively specify design tradeoffs, thus enabling them to
easily customize the underlying platform for a particular application without requiring
knowledge of the underlying hardware implementation or communication protocols.
Weighted piecewise linear formalisms are often challenging to utilize because precisely
defining acceptable design tradeoffs between competing design metrics is difficult.
Notably, researchers compared the effectiveness of such mathematical and fuzzy logic
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Fuzzy Design Fitness Rules
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Figure 2: Application expert tasks include (a) specifying fuzzy design metric
classification functions that relate raw design metric values to a fuzzy
classification, (b) specifying fuzzy design fitness rules to indicate the relative
importance of each design metric, and (c) optionally specifying the anticipated
application profile.
based evaluations, demonstrating that the fuzzy logic based evaluation can achieve
superior results [62]. Further, note that this outcome matches our own experiences in
utilizing weighted piecewise linear equations, in that such methods produced adequate
results only after repeated experimentation and adjusting of the function parameters. The
benefits of the fuzzy logic heuristic optimization are evident across a wide variety of
applications, including hardware/software codesign [85], system-level design space
exploration [17][30], and optimization of operational amplifiers [71].
The application expert is tasked with interpreting the resulting system
achievement within the context of a given application. For each design metric, an
application expert creates a fuzzy-logic inspired classification function that relates a raw
design metric value – i.e. lifetime of 2 months – to a fuzzy classification term. Although
the selection of which fuzzy terms are utilized for a given system could be arbitrarily
defined by the application expert, we propose the following four classifications for
specifying the fitness of individual design metrics: Insufficient, Fair, Good, and Superior.
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Using this classification mechanism, an application expert simply needs to specify the
range of values that correspond to an Insufficient, Fair, Good, and Superior design for
that given metric. As application experts are unlikely to be experts in optimization
methods, this fuzzy classification scheme provides a relatable method for mapping design
metric values to relative rankings using common terminology. Minimally, an application
expert need only specify what range of values constitutes a Fair and Good design, above
and below which the Superior and Insufficient designs can automatically be inferred.
Figure 2 illustrates the fuzzy design metric classification functions for lifetime,
packet delivery rate, and latency. Each raw design metric value is mapped to one of four
discrete ranges: Insufficient, Fair, Good, or Superior. Within each discrete range, the raw
metric value is mapped to a percentage. Thus, the y-axis denotes a raw metric’s percent
membership within its corresponding classification. In other words, the y-axis quantifies
how Insufficient, Fair, Good, or Superior a metric value is, and relates that value with a
percentage to allow application experts a quick method of interpreting the raw values. For
example, in Figure 2(a) a Fair lifetime is between 4 months to 12 months, a Good
lifetime is between 12 and 16 months, a Superior lifetime is greater than 16 months, and
anything below 4 months is deemed Insufficient. While not required, an application
expert can also define a plateau for the Superior classification indicating that anything
above this value does not provide any further benefit. In the example provided, all
lifetime values greater than 20 months are consider to be 100% Superior. By the same
token, application experts are free to define each of the four discrete ranges using any
particular cost function – i.e. quadratic or cubic – that best suits their individual
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application needs. In [56], the benefits of utilizing mean-squared error, penalty or barrier
functions in order to constrain or emphasize a particular range of metric values. The only
limitation we introduce, however, is that the each function should be differentiable in
order to allow the utilization of the algorithms presented in Section 2.4.
Lastly, we note that although overlap between fuzzy classifications can be specified,
our tests do not show an improvement in configuration optimality, and hence we have
chosen to forgo overlap in order to provide a simpler more intuitive framework for nontechnical application experts. Thus, the raw metric score defining the boundary between
Fair and Good is considered to be 100% Fair such that the reported percentage will
always be greater than 0% for a corresponding classification. A similar scheme is utilized
for all other boundaries between Fuzzy classifications.
2.3.2.2 Fuzzy Design Fitness Rules
The fuzzy design metric classification functions specify how to interpret raw design
metric values for a given application. However, we have yet to understand how the
design metrics relate to one another. Is lifetime the critical design metric consideration
within the application, where the application expert is willing to accept lower packet
delivery rate and higher latency values to optimize the lifetime design metric? Or
alternatively, is lifetime a secondary concern such that the application expert is willing to
sacrifice lifetime to achieve low latency?
To determine the relative importance of each design metric and how they relate to
the overall design quality, the application expert specifies a set of fuzzy design fitness
rules. These fuzzy design fitness rules are specified using English sentences that map the
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fuzzy classifications of the design metrics to a fuzzy classification of the overall design.
Figure 2(b) provides a condensed example of the fuzzy design fitness rules. The first rule
defines that a Superior design must achieve a lifetime that is Superior, whereas the
latency and packet delivery rate can both be Good or Superior. Minimally, the
application expert should define at least one rule for a Superior design, one rule for a
Good design, and one rule for a Fair design. Any combinations of design metrics not
covered by the application expert’s fuzzy design fitness rules can be automatically
inferred to correspond to an Insufficient design. If design metrics are covered by multiple
fuzzy design fitness rules, the rule resulting in the highest fitness value is utilized.
Given a specific fuzzy fitness rule, an overall design fitness value is calculated by
normalizing and averaging the percent fitness values for each fuzzy membership function
using the following equations:
Fitness 

%MembershipLnorm  %MembershipLAnorm  %MembershipPnorm
3

% MembershipLnorm 

(1)

% MembershipL  FuzzyRuleOffset
L,
FC L

% MembershipLAnorm 

% MembershipPnorm 

 100%

% MembershipLA  FuzzyRuleOffset
LA ,
FC LA

(2)

% MembershipP  FuzzyRuleOffset
P
FC P

As shown in Equation 2, each metric’s percent membership value is normalized to one by
adding a fuzzy rule offset and dividing the sum by the number of fuzzy classifications,
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|FC|, specified for that metric within a given fitness rule. The fuzzy rule offset is a
positive integer ranging from 0 to |FC| – 1 that maps a metric’s percent membership
value to a normalized scale where zero and one respectively correspond to the lowest and
highest fuzzy classifications of the metric in question for the current fitness rule. As an
example, if we consider the first fuzzy design fitness rule specified in Figure 2(b) and
assume a configuration resulting in a 10% S lifetime, a 30% G latency, and a 50% S
packet delivery rate, then for each metric the corresponding |FC| values are one, two and
two, and the corresponding fuzzy rule offset values are zero, zero and one. Using
Equations 1 and 2, the previous values result in a Superior configuration with a fitness
value of 33%. In summary, the fuzzy design rules correlate the design metric values to an
overall design quality using the same fuzzy classifications.
Note that an application expert does not need to know the impact of various
underlying node parameters on the high-level design metrics, or how the aforementioned
values are calculated. Instead, a single framework and terminology is provided for
understanding the quality – or fitness – of individual metrics and overall designs without
exposing any underlying mathematical formalism.
2.3.3 Dynamic Profiling
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Figure 3: Average overhead of network traffic, energy consumption, code size, and
computation time for profiling methodology utilized in the DPOP framework for the
considered WSN applications.

The deployed environment can have a significant impact on the application behavior,
thus part of the application characterization must also include specification of the
communication and computation requirements. For example, an application that monitors
temperature may only take a reading once a minute, resulting in a low communication
requirement. Alternatively, an application tracking the movement of an object is likely to
take multiple sensor samples in a second, resulting in a higher communication
requirement. Computation requirements are similarly dependent on an application and
can vary depending on factors such as the amount of aggregation performed within the
network or the type of data that is processed – e.g. processing images versus averaging
temperature readings.
While an application expert can provide this profile information at design time,
precisely predicting the actual deployment environment at design time can be difficult. In
the case of a periodic sampling rate, a developer may be able to calculate the underlying
computation and communication requirements. However, if the application profile values
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are dependent on external events such as motion, determining this information can be
difficult. Thus, as shown in Figure 1, we have also incorporated a dynamic profiling
module within the framework that is responsible for monitoring the application behavior
within the deployment environment. Being able to dynamically profile parameters that
adequately capture changes in high-level design metrics is crucial in optimizing
underlying configurable parameters.
The following profile parameters have been defined to capture the communication and
computation requirements of our targeted applications based on the aforementioned
design metrics.


Rx Packets/Hour (PktRx): Average number of packets received by an individual
node per hour.



Tx Packets/Hour (PktTx): Average number of packets transmitted by an individual
node per hour.



Sensor Events/Hour (SenEvents): Average number of sensor events processed by an
individual node per hour.



Microprocessor Instructions (μpInstr): Average number of instructions executed by
the microprocessor to process each packet reception or sensor event.



Packet Size (PktSize): Average number of bytes transmitted within each packet.

2.3.3.1 Dynamic Profiler Module
Dynamically profiling a sensor-based application requires profiling methods to be
incorporated within each node to monitor the execution behavior for individual sensor
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nodes. Additionally, in order to optimize a sensor-based system, a global view of the
entire system is needed. The resulting node-level profile data must be transmitted and
analyzed by the system-level Dynamic Profiler Module. Numerous profiling strategies
can be employed to collect the pertinent application level information.
At each sensor node, various low-level execution details are monitored and
transmitted to the profiler module in order to enable the optimization approach to
accurately estimate the various high-level design metrics of interest. Overall, determining
what low-level metrics to profile within a sensor-based platform is thus related to both
the high-level design metrics of interest and the estimation method utilized to evaluate
those design metrics. Within our current profiling implementation, the aforementioned
profile parameters can be profiled for individual sensor nodes.
Given the desired profiling information to be collected, the frequency at which
profiling is performed directly impacts both the accuracy of the profile data as well as the
intrusiveness of the profiling method. Our current profiling implementation provides
support for three methods of controlling when profiling is performed for individual
nodes. Specifically, periodic, event-driven, and profiler module directed strategies are
employed. Additionally, our current dynamic profiler implementation provides support
for either transmitting profile data as separate profile packets or appending – i.e.
piggybacking – the profile data to existing packets already transmitted by the application.
Finally, the dynamic profiler can be configured to select which nodes to profile and
whether or not the profile data is aggregated at intermediate nodes.

We refer the

interested reader to [86] for an in-depth analysis of our profiling methodologies.
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Each of the aforementioned profiling metrics and methods are currently
implemented within the DPOP framework. These options are implemented as a set of
software functions that can be automatically integrated within a sensor application, as the
required profiling methods are directly inserted within the underlying software
infrastructure and operating system support. Thus, the application expert can seamlessly
integrate the dynamic profiling within the target application without any effort.
The dynamic profiling of sensor-based platforms enables an accurate view of an
application’s execution behavior but at the expense of network traffic, energy, and code
size overheads. We have developed various methods for controlling the profiling process
and analyzed the corresponding overhead for a subset of profiling methods. In Figure 3,
we summarize the overheads for the profiling methodology used in the DPOP
framework, which utilizes piggybacking to periodically transmit information on all
profile parameters for all nodes in the network without aggregation at intermediate nodes.
The average network traffic, energy consumption, code size, and computation time
overheads for this profiling methodology are 21.7%, 1.1%, 42.1%, and 20.4%,
respectively. Importantly, the energy consumption overhead, which is defined as the ratio
of the augmented application’s energy consumption to the original, remains modest
across all applications, ranging from 0.5% to a maximum of 2.59%.
2.3.4 Dynamic Optimization
The Online Optimizer Module shown in Figure 1 and reproduced in more detail in Figure
4 is responsible for evaluating various sensor node configurations within the design space
to determine which configuration best meets the application expert specified fuzzy design
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Figure 4: Overview of the online optimization methodology implemented withing the
Optimizer module.
goals given the current system behavior characterized by the dynamic execution profile.
As previously mentioned, both the Profiler and Optimizer modules are implemented in a
centralized location, and are thus responsible for profiling and optimizing every node in
the network. A distributed approach in which every node implements and utilizes its own
DPOP framework is feasible. In such an environment, each node would be independently
profiled and optimized. However, global parameters such as radio frequency would have
to be optimized using a centralized approach in order to ensure correct communication
between nodes. We leave further inquiry into the potential tradeoffs as future work.
2.3.4.1 System Metric Estimator
In order to determine the underlying node configuration, the system metric estimator
must first evaluate the design metrics of interest based on the selection of configurable
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parameters and feedback from the profiler module. For the examples considered in this
chapter, lifetime, latency and packet delivery rate are defined as functions of our
configurable parameters – frequency, voltage, data rate, radio frequency, and output
power – and the aforementioned application profile parameters. This allows the
framework to monitor changes in design metrics via the application profile, and more
importantly, it allows for metric adjustment via configurable parameters.
Latency is dependent upon three configurable parameters – frequency, data rate
and output power – and two profile parameters – packet size and microprocessor
instructions.
8( PktSize  4)
Latency 



pInstr

(3)

DR
F
 PktSize * 8
8( PktSize  4)(1  dataRateDrop)

where,
dataRateDrop  function( RFP )

Packet delivery rate, on the other hand, is a function of radio output power and packet
size, and is defined as follows.
PacketDeliveryRate  1  ber 

( PktSize8)

(4)

 [1  (10 0.2985RFP 7.405  (1  dataRateDrop))] PktSize8

Finally, lifetime is a function of all configurable and profile parameters. For the sake of
brevity, we merely provide the simplified equation shown below.
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Lifetime 

BatteryCapacity  12
(24  365)( I
I
I
)
p
radio
sensors

(5)

where,
I
I
I

p

 function( F , V , DR, PktSize, PktRx, PktTx, SenEvents, pInstr )

radio

 function( RFF , RFP, DR, PktSize, PktRx, PktTx)

sensors

 function( F , V , SenEvents)

We note that the presented estimation framework is specific to the IRIS platform
and the configurable parameters previously defined. However, the system metric
estimator can be updated by a platform developer to reflect any sensor network platform
and set of configurable parameters, and is an orthogonal concern to the overall dynamic
profiling and optimization mechanisms.
2.3.4.2 Online Greedy Fuzzy-Directed Dynamic Optimization
Once the relationship between the design metrics, configurable parameters, and
application profile is defined, the optimizer must explore a variety of node configurations
to determine which configuration is best suited for a given application. The online
optimizer explores the design space by evaluating feasible node configurations to
determine which configuration yields the highest design fitness given the application
expert specified fuzzy metric classification functions and fuzzy fitness rules. As the
dynamic optimizer module is intended to execute as part of the deployed system,
exhaustively searching all configurations to find the optimal configuration is infeasible as
stringent time and energy constraints must be met. Instead, an efficient heuristic
algorithm is needed for dynamic optimization.
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Initialize Vc, Fc, DRc, RFPc, RFFc to minimum setting
find Vi :

maximize(Fitness(Vi, Fc, DRc, RFPc, RFFc))

find Fi :

maximize(Fitness(Vi, Fi, DRc, RFPc, RFFc))

find DRi :

maximize(Fitness(Vi, Fi, DRi, RFPc, RFFc))

find RFPi : maximize(Fitness(Vi, Fi, DRi, RFPi, RFFc))
find RFFi :

maximize(Fitness(Vi, Fi, DRi, RFPi, RFFi))

Fitnessc = Fitness(Vc, Fc, DRc, RFPc, RFFc)
FitnessGoalc = S;
while (FitnessGoalc  F ) {
for all FRi  FitnessRules s.t. FitnessGoal(FRi) == FitnessGoalc
for all Mi  : MetricGoal(FRi, Mi) > MetricGoal(FRi, Mi+1)
↑/↓ Vi : Mi ↑ AND FRi (Vi, Fc, DRc, RFPc, RFFc) maximized
↑/↓ Fi : Mi ↑ AND FRi (Vc, Fi, DRc, RFPc, RFFc) maximized
↑/↓ DRi : Mi ↑ AND FRi (Vc, Fc, DRi, RFPc, RFFc)) maximized
↑/↓ RFPi : Mi ↑ AND FRi (Vc, Fc, DRc, RFPi, RFFc) maximized
↑/↓ RFFi : Mi ↑ AND FRi (Vc, Fc, DRc, RFPc, RFFi) maximized
}
if (Fitnessc == FitnessGoalc ) break;
FitnessGoalc--;
}

Figure 5: Pseudocode for Online Fuzzy-Directed
Optimization Algorithm.
Figure 4 summarizes the proposed online optimization methodology. The system
metric estimator module estimates the raw values for each design metric of interest given
the dynamic profile information and platform configuration being evaluated. These
values are then evaluated based on the fuzzy fitness rules and individual requirements for
the fuzzy metric classifications defined by the application expert. Based on this
evaluation, the heuristic search procedure explores the design space to determine a near
optimal configuration for the current system execution behavior and environmental
conditions.
Figure 5 presents an overview of the proposed online fuzzy-directed optimization
algorithm. The algorithm begins by initializing each configurable parameter, specifically
Vc, Fc, DRc, RFPc, and RFFc, to the minimum feasible configuration, where subscript c
indicates the current best parameter setting and subscript i indicates the current

40

parameter setting being explored. An initial search phase is utilized to greedily optimize
each configurable parameter by increasing the parameter setting as long as an increase in
the current overall design fitness, Fitnessc, is achieved. Parameters are tuned in the
following order: Vi, Fi, DRi, RFPi, and RFFi. While the order in which configurable
parameters are explored may impact the initially selected node configuration,
experiments have indicated that this effect is marginal – only affecting the number of
configurations searched within the following fuzzy-directed search phase, but not the
final optimized node configuration. Additionally, this initial search phase is only
necessary for the first node configuration. For subsequent dynamic optimizations, the
current node configuration is utilized as the starting configuration.
Following the initial search phase, a fuzzy-directed optimization phase is utilized
to further refine the node configuration given the application expert specified fuzzy
fitness rules and design metric classifications. The process starts by initializing the
current fitness goal, FitnessGoalc, to the maximum fuzzy classification of S. Each
individual fuzzy fitness rule, FRi, will be utilized to guide the optimization process
provided that the fitness rule’s overall fitness goal matches the current fitness goal. For
each fuzzy fitness rule, the optimization method will further be guided by the fuzzy
requirements for each individual design metric, Mi, where metrics are considered in
decreasing order of fuzzy requirement. For example, a metric goal of S is prioritized over
a metric goal of G and will be utilized first to guide the order in which configurable node
parameters are evaluated.
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Given the current fitness rule, FRi, and design metric, Mi, the optimization process
will monotonically increase/decrease each configurable parameter based upon the
statically determined relationship between the configurable node parameter and design
metric, as long as both an improvement in the individual design metric and overall fitness
rule are achieved. The aim of this procedure is to attain the highest possible fitness value
by utilizing a metric’s relative rank within the current fuzzy rule as a guide to determine
the order and direction – increasing or decreasing – in which configuration parameters
are evaluated.
Once all selected fitness rules and their respective metric goals have been
considered, the algorithm checks if the fitness goal, FitnessGoalc, has been achieved. For
example, if the first iteration finds a Superior node configuration, the optimization
procedure will terminate and return the current configuration regardless of its actual
fitness value. However, if the configuration’s fitness does not match the goal, then the
fitness goal is reduced by one fuzzy classification level – e.g. Superior to Good – and the
optimization algorithm will subsequently utilize the fitness rules matching the reduced
fitness goal to guide the optimization process. This process will repeat until the overall
fuzzy classification of the node configuration matches the current fitness goal – in the
worst case producing an Insufficient configuration.
In the event that redundant or conflicting rules are defined such that a single
parameter configuration can be evaluated using multiple fuzzy rules of the same or
different fuzzy requirement, our fuzzy-directed optimization algorithm will utilize the
fuzzy rule resulting in the highest design fitness value. The validity of the resulting
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configuration is thus dependent on the validity of conflicting or redundant fuzzy rule with
the highest fuzzy requirement. If, for example, an incorrectly specified Fair fitness rule
conflicts with a Superior rule, the resulting optimized configuration would remain valid,
as the Superior fitness rule will be evaluated first.
An asymptotic upper bound on the execution time of this optimization algorithm
is

O( FR  M  S ) ,

where |FR| denotes the total number of fuzzy rules, |M| denotes the total

number of metrics, and |S| denotes the total number of settings for all configurable


parameters. Thus, for the application described in Figure 2, |FR| is equal to six, |M| is
equal to three, and |S| is equal to sixty-seven, which is attained by adding the number of
settings for all five configurable parameters.
The success of this approach depends both on developing an estimation
framework for efficiently evaluating the design metric values as well as profiling the
required execution statistics to accurately estimate these values. The current framework
utilizes a combination of physical measurements and analytical analysis to estimate the
raw design metric values using the profile statistics highlighted earlier. Although we
currently focus on a particular subset of design metrics, configurable parameters, and
profiling information, it should be noted that these could be modified to support other
application design metrics.
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Figure 6: Overview of modified online optimization methodology with reoptimization evaluation algorithm.
2.4 Re-optimization Evaluation Algorithms
As previously mentioned, the DPOP framework profiles application behavior in order to
reconfigure node-level hardware parameters in accordance with user-defined application
goals. Although a node’s application profile is continuously changing, not every profile
change warrants node re-optimization. Hence, re-optimizing the node configuration for
every profile change would incur significant computational and energy overhead. In order
to mitigate this re-optimization overhead, the DPOP framework utilizes a re-optimization
evaluation algorithm to determine if a node’s current application profile merits reoptimizing the node configuration.
As illustrated in Figure 6, the re-optimization evaluation algorithm is invoked
prior to the online optimization algorithm presented in the previous sections. If the reoptimization evaluation algorithm determines that the current node parameter
configuration is suboptimal – or that it could be improved – based on the current
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Initialize FuzzyMetricsold = { %MembershipLold,%MembershipPold,
%MembershipLAold }
Initialize Configuration = { V, F, DR, RFP, RFF }
Initialize Profileincoming = { PktSize, RxPkt, TxPkt, μpInstr, SenEvents }
{Lnew, Pnew, LAnew } = MetricEstimationFramework(Configuration, Profileincoming)
%MembershipLnew = LifetimeFuzzyClassification(Lnew)
%MembershipPnew = PacketDeliveryFuzzyClassification (Pnew)
%MembershipLAnew = LatencyFuzzyClassification(LAnew)
FuzzyMetricsnew = {%MembershipLnew,%MembershipPnew,%MembershipLAnew}
for all FuzzyMetricsi :
if ( |FuzzyMetricsnew –FuzzyMetricsold| > %Threshhold) Reoptimize();

Figure 7: Pseudocode for Simple Metric (SMC) Reoptimization Evaluation Algorithm.
application profile, the online optimization algorithm is executed to determine the
optimal configuration. Otherwise, the online optimization algorithm is bypassed and the
current configuration remains unchanged. We consider three alternative re-optimization
evaluation algorithms. The performance of each algorithm is evaluated based on the
number of correct re-optimization detections, the number of unnecessary reoptimizations, the number missed re-optimization opportunities, and the decrease in
fuzzy fitness score for missed re-optimizations.
2.4.1 Simple Metric Change Algorithm
First, a simple metric change (SMC) evaluation algorithm is considered. This algorithm
recalculates the high-level metrics given the new application profile and compares them
with the previous metrics. As shown within the pseudocode for the SMC algorithm in
Figure 7, if the difference is greater than an experimentally determined threshold, then
the online optimization algorithm is launched. This threshold was statically determined
by executing our fuzzy-directed optimization algorithm using four applications and
various application profiles considered within this dissertation, as discussed in Section
2.6.
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Figure 8: Illustrative plot of design fitness score as a function of processor frequency.
While this algorithm is not anticipated to achieve near optimal results, it has the
advantage of an extremely fast execution time and serves as an effective basis for
evaluating the other algorithms. However, there is no direct correlation between a percent
change in an individual metric score and the optimality of the current configuration, thus
limiting the algorithm’s ability to correctly detect re-optimization opportunities. For
example, we have encountered scenarios in which an incoming application profile
decreased a configuration’s design fitness value by more than 50%, yet it still achieved
the best fitness among all configurations. On the other extreme, we have encountered
scenarios in which an incoming application profile improved the fitness value of the
previously optimal configuration, which was later found to be sub-optimal.
2.4.2 Neighboring Configuration Evaluation Algorithm
A neighboring configuration evaluation (NCE) algorithm is also considered. Given an
updated application profile, this algorithm evaluates the adequacy of the current
configuration by evaluating the fitness value of neighboring configurations for each
configurable parameter. This re-optimization evaluation algorithm essentially performs a
reduced greedy search similar to the fuzzy-directed optimization algorithm. If any of the
neighboring configurations produce a higher fitness value, it is clear that the current
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Initialize Configurationi = { Vi, Fi, DRi, RFPi, RFFi }
Initialize Profileincoming = { PktSize, RxPkt, TxPkt, μpInstr, SenEvents }
{ Li, Pi, LAi } = MetricEstimation (Configurationi, Profileincoming)
{%MembershipLi,%MembershipPi ,%MembershipLAi }= FuzzyClassification(Li, Pi,
LAi )
Fitnessi = Fitness(%MembershipLi, %MembershipPi, %MembershipLAi)
for each configurable parameters CP {
{ Li+1, Pi+1, LAi+1 } = MetricEstimation (CPi+1, Profileincoming)

Li+1 = LifetimeTaylor(CPi+1, Profileincoming)
Pi+1 = PacketDeliveryTaylor(CPi+1, Profileincoming)
LAi+1 = LatencyTaylor(CPi+1, Profileincoming)

{ %MembershipLi+1,%MembershipPi+1,%MembershipLAi+1 }=
= FuzzyClassification(Li+1, Pi+1, LAi+1 )
Fitnessi+1 = Fitness(%MembershipLi+1,%MembershipPi+1,%MembershipLAi+1)
if ( Fitnessi+1 > Fitnessi ) {
Reoptimize()
}

{ Li-1, Pi-1, LAi-1 } = MetricEstimation (CPi-1, Profileincoming)

Li+1 = LifetimeTaylor(CPi-1, Profileincoming)
Pi+1 = PacketDeliveryTaylor(CPi-1, Profileincoming)
LAi+1 = LatencyTaylor(CPi-1, Profileincoming)

{ %MembershipLi-1,%MembershipPi-1,%MembershipLAi-1 } =
= FuzzyClassification(Li-1, Pi-1, LAi-1 )
Fitnessi-1 = Fitness(%MembershipLi-1,%MembershipPi-1,%MembershipLAi-1)
if ( Fitnessi-1 > Fitnessi ) {
Reoptimize();
}
}

(a)

(b)

Figure 9: Pseudocode for the (a) Neighboring Configuration Evaluation (NCE)
re-optimization evaluation algorithm, and (b) Taylor Series based Neighboring
Configuration Approximation (TSNCA) re-optimization evaluation algorithm.
configuration is non-optimal and re-optimization is necessary. Otherwise, the algorithm
assumes the current configuration is either optimal or near optimal, and the current
parameter configuration is kept. Figure 8 presents an example plot of overall fitness and
processor frequency that illustrates a case in which an increased frequency setting, Fi+1,
results in an improved fitness score. This neighboring configuration by itself is a
sufficient indication of the current configuration’s non-optimality and the need to reoptimize the configuration.
Figure 9(a) presents the pseudocode for the neighboring configuration evaluation
algorithm. As soon as a new application profile is received, our metric estimation
framework evaluates all metrics at neighboring configurable parameter values – i.e. the
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next frequency or radio output power values – in order to determine if increasing or
decreasing each parameter will potentially result in an increase in the overall fitness
value. The algorithm terminates immediately after detecting a better configuration, or
after all neighboring configurable parameters have been considered.
2.4.3 Taylor Series Based Neighboring Configuration Approximation Algorithm
The Taylor series based neighboring configuration approximation (TSNCA) algorithm is
a variation on the aforementioned neighboring configuration evaluation algorithm,
differing only in the underlying implementation details. Specifically, the raw metric
values for neighboring configurations are approximated using Taylor series
approximation functions rather than using the system metric estimation framework,
which, as demonstrated later, can lead to improved re-optimizations.
A Taylor series, shown below, is a representation of a particular function as an
infinite sum, where n! denotes the factorial of n and f(n)(a) denotes the nth derivative of
the function f evaluated at the point x = a.

f ' (a)
f ' ' (a)
f ' ' ' (a)
( x  a) 
( x  a) 2 
( x  a) 3  ...
1!
2!
3!
f n (a)


( x  a) n
n0 n!

f ( x)  f (a) 

(6)

As computing an infinite sum is infeasible, the Taylor series is commonly converted into
an approximation by utilizing only a finite number of terms, where each additional term
provides better accuracy. Shown below are equations for 1st, 2nd, and 3rd order Taylor
series approximations respectively.
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A first-order Taylor series approximation yields a straight line, whereas a second
order approximation corresponds to a parabola, a third order approximation corresponds
to a cubic, and so on. Figure 10(a) presents an example plot of lifetime as function as a
function of processor frequency and illustrates several approximation functions –
evaluated at an initial frequency of 2 MHz – superimposed on an actual lifetime curve.
Clearly, as the number of terms, or order, of the approximation function increases, the
better we are able to approximate function values as we deviate further from the initial
independent variable value, which in this case corresponds to the initial frequency of 2
MHz.
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(a)

(b)

Figure 10: Plots of (a) lifetime as a function of processor frequency and (b) packet
delivery rate as a function of radio output power with 1st, 2nd, 3rd, and 4th order Taylor
series approximation functions. Circular markers denote neighboring parameter
configurations.
Utilizing these concepts, the Taylor series based neighboring configuration
approximation algorithm replaces the metric estimation framework with single variable
approximate functions for all design metrics. The equations below illustrate how these
functions are used to evaluate metric values at neighboring parameter configurations,
where the subscript i indicates the current value, the subscript i ± 1 indicates neighboring
configuration, ConfigParam can be any one of our configurable parameters, and
∂Metric/∂ConfigParam is an alternative notation for a metric’s derivate with respect to
the configurable parameter.
Lifetime
 Lifetime 
i 1
i

 Lifetime
 ConfigParam

(10)
(ConfigParam

i 1

 ConfigParam )  K
i

Latency
 Latency 
i 1
i

 Latency
 ConfigParam

(11)
(ConfigParam

i 1

 ConfigParam )  K
i
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PacketDelivery
 PacketDelivery 
i 1
i

 PacketDelivery
 ConfigParam

(12)

(ConfigParami 1  ConfigParami )  K

With these approximation equations, the algorithm in Figure 9(a) can be modified
with the changes seen in Figure 9(b). Replacing the metric estimation framework with
these Taylor-based approximation functions can improve the re-optimization decisions by
selecting the number of Taylor series terms appropriately for each metric approximation
function. Specifically, the order or the Taylor series is chosen such that the
approximation functions closely approximate, yet slightly overestimate, the actual
function within the region of interest – i.e. neighboring parameter configurations. In order
to limit computation time, however, we also aim to select the fewest number of terms
possible. The plot of lifetime versus frequency shown in Figure 10(a), for example,
indicates that a third order approximation for lifetime as a function of frequency best
meets the aforementioned criteria as it closely approximates, yet slightly overestimates,
the actual lifetime curve for the neighboring frequency settings. On the other hand,
Figure 10(b) indicates that both first and third order approximations for packet delivery
rate as a function of radio output power are suitable, yet the first order is chosen as it is
less computationally complex. In a similar fashion, we can statically determine the form
of the approximation functions for all metrics as functions of each configurable
parameter.
By allowing the approximation to slightly overestimate the neighboring
configurations values – and thereby overestimate the benefit of re-optimization – the
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resulting re-optimization evaluation algorithm will determine if the neighboring
configuration is likely to lead to a better overall fitness value. This methodology has been
shown to decrease the number of missed re-optimization opportunities, although with a
tradeoff of a slightly increased number of unnecessary re-optimizations. Based on our
data, however, this tradeoff is both acceptable and preferable as the Taylor series based
neighboring configuration approximation algorithm was able to detect the need to reoptimize in several critical instances in which the original neighboring configurations
algorithm missed re-optimization opportunities that lead to significant decreases in
overall design fitness.
2.4.4 Uni-directional Neighboring Configuration Evaluation for Reduced Computational
Runtime
As the re-optimization evaluation algorithm will be executed within the deployed systems
for which runtime performance and energy overheads must remain minimal, a modified
implementation of the re-optimization evaluation algorithms can support this goal by
evaluating only one neighboring configuration for each configurable parameter rather
than two. For each configurable parameter, we can predict which neighboring setting –
either higher or lower – should be evaluated or approximated by computing the derivate
∂Fitness/∂ConfigParam. This derivative indicates how the configuration’s fitness value
fluctuates at this initial configurable parameter setting given the new application profile.
If ∂Fitness/∂ConfigParam is positive, then fitness is increasing as the parameter setting
increases, and thus the algorithm should evaluate or approximate the configuration at the
next higher configurable parameter setting. Otherwise, if the derivative is negative, the
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algorithm should look at the next lower setting. Equations 13 and 14 below show how
these derivatives are computed for two of our five configurable parameters. ∂Fitness/∂F
is the derivative of fitness with respect to frequency and ∂Fitness/∂RFP is the derivative
of fitness with respect to radio output power.
 Fitness
F



The

F

F



d % MembershipL



d % MembershipLA



dLatencyraw
F



RFP

 RFP



 Fitness





 Fitness
 % MembershipLA

d % MembershipP

d % MembershipL
dLifetimeraw

d % MembershipLA
dLatencyraw

 PacketDeliveryRateraw
 RFP

derivatives





(13)

 % MembershipL



dPacketDeliveryRateraw

Lifetimeraw

 Latencyraw



dLifetimeraw

 PacketDeliveryRateraw

 RFP



 Lifetimeraw

 Latencyraw

 Fitness







Fitness
 % MembershipP

Fitness

(14)

 % MembershipL

 Fitness
 % MembershipLA

d % MembershipP
dPacketDeliveryRateraw

∂Lifetimeraw/(∂ConfigParam),



Fitness
 % MembershipP
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and

∂PacketDeliveryRateraw/(ConfigParam) are themselves functions and are derived by
differentiating the metric estimation framework equations given in Section 2.3.4.1 using a
mathematical tool such as MATLAB. The derivatives ∂%MembershipL/(∂Lifetimeraw),
∂%MembershipLA/(∂Latencyraw), and ∂%MembershipP/(∂PacketDeliveryRateraw) are
simply constants that represent the slopes of the fuzzy design metric classification
functions

shown in

Figure 2(a).

The derivatives

∂Fitness/(∂%MembershipL),

∂Fitness/(∂%MembershipLA), and ∂Fitness/(∂%MembershipP) are constants that

53

represent the weight assigned to each metric in evaluating the current fuzzy fitness rule,
and are derived by differentiating the fitness value equation presented in Section 2.3.2.2.
2.5 Sensor Network Applications
To analyze the benefits of dynamic profiling, online fuzzy-directed optimization
algorithm, and re-optimization evaluation algorithms, we consider four different sensor
network based applications.
2.5.1 Forest Fire Detection and Propagation Tracking
First, a Forest Fire Detection and Propagation Tracking (FF) application intended to
monitor remote regions of wilderness is considered. During normal fire detection
operation, the sensor nodes within the system will periodically monitor temperatures and
transmit the temperature readings every five minutes to the base station. In the event that
a node detects an elevated temperature for the previous two temperature samples, that
node issues an alert to nearby nodes and transitions to a fire-tracking mode. Whenever a
node receives an alert message from a nearby node, the former will also enter the firetracking mode to ensure that the fire’s propagation can be efficiently tracked with
reduced latency. In the fire-tracking mode, each node will sample and report the
temperature every ten seconds. The base station node aggregates the reported temperature
sensor readings, displays the reported data with appropriate timestamps, and issues alerts
whenever a node enters the fire-tracking mode or a sensor node suffers an abrupt node
failure.
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Figure 11 provides the fuzzy metric classification functions and design fitness
rules for the Forest Fire Detection and Propagation Tracking application, noting that this
is the only application for which we consider the Insufficient metric classification. For
this application, lifetime is a critical design metric given the often inaccessible nature of
the terrain in which the nodes are deployed. Thus, a long lifetime that minimizes the need
to replace batteries is desired. A lifetime of 12 to 16 months is considered Good and a
lifetime between 4 and 12 months is considered Fair, above and below which is
considered Superior and Insufficient, respectively. Packet delivery rate is also an
important metric because fire tracking and prevention necessitates accurate data. A Good
range for the packet delivery rate is selected as 99.9% to 100% and packet delivery rates
between 60% and 99.9% are deemed Fair. As nodes only transmit small amounts of data
– even when in tracking mode – the latency requirements for the application are
marginal, corresponding to a Fair range of 15 seconds to 960 ms and a Good range of
960 ms to 2.4 seconds.
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Fuzzy Design Fitness Rules
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Figure 11: Application expert specified fuzzy design metric classification functions
and fuzzy design fitness rules for several sensor-based applications.
The importance of each metric and how it relates to the fitness of the overall
system design is specified by the fuzzy design fitness rules. For the Forest Fire Detection
and Propagation Tracking application, lifetime is the most important design metric.
Therefore, if the lifetime is Superior and all other metrics are at least Good, the overall
design is considered Superior. If lifetime is Good, and all other metrics are at least Good,
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the overall design is Good. As latency is not considered a critical metric, if the latency is
Fair, the overall design is still acceptable only if the lifetime is Superior and the packet
delivery rate is at least Good. Otherwise the design is Fair. Finally, if either lifetime or
packet delivery rate are Fair, the overall design is considered Fair. An application expert
need only explicitly define the fitness rules for Superior, Good, and Fair, as any
remaining metric evaluations are considered Insufficient.
2.5.2 Building Monitoring
The second application, referred to as Building Monitoring (BM), is designed to monitor
activity within a building using periodic sampling of motion and vibration sensors.
Depending on the user’s request, this data can be used for a number of purposes. During
the daytime, employees may be able to determine which conference rooms are free, or an
automated system may turn lights off if a room is not in use for an extended period of
time. During non-business hours, security professionals can utilize this information to
ensure there are no personnel or unauthorized individuals are left in restricted areas.
Compared to the Forest Fire Detection and Propagation Tracking, the lifetime
requirement for the Building Monitoring application is more lenient with a lifetime of 5
to 12 months considered Good. For packet delivery, a rate of 99.0% to 99.9% is
considered Good as multiple packets will likely be transmitted to indicate activity
occurring within a room and a single erroneous packet will not significantly impact the
resulting system operation. However, as any detection of motion will be reported to the
base station, a lower latency will be necessary, such that a latency of 0.2 ms to 9.6 ms is
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considered Good. We note that without an Insufficient classification, the application
expert need only specify the Good range.
Again, lifetime is the dominant design metric for this application, followed by
latency and packet delivery rate. Thus, a Fair lifetime or latency automatically results in
a Fair design. However, if the lifetime is Superior and all other metrics are at least Good,
the overall design is considered Superior. Alternatively, if the lifetime is Superior and the
latency is at least Good, the design is still considered Good even if the packet delivery
rate is only Fair. If the lifetime is Good, and all other metrics are at least Good, the
overall design is considered Good.
2.5.3 Environmental Wildlife Monitoring
The third application considered, referred to as Environmental Wildlife Monitoring (EM),
is used to send time stamped thumbnail images of pictures obtained by cameras placed
next to watering holes and frequently used wildlife trails for monitoring and recording
wildlife activity. The sensor nodes activate digital cameras whenever motion is detected.
While the full resolution images are stored locally within the digital camera, the sensor
nodes are responsible for logging and tracking activity along with transmitting lowresolution thumbnail images – e.g. 20x20 gray scale images – to the base station to
provide biologists or environmentalists quick access to detected activity without requiring
physical access to the digital camera that may be located in a remote wilderness location.
Unlike the previous two application scenarios, long lifetimes are not required for
the Environmental Wildlife Monitoring application, as researchers must frequently
venture into the field to collect the digital camera data. Consequently, replacing batteries
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at the same time will not be particularly burdensome. Thus, a lifetime of just 0.5 to 1
month is considered Good. However, the transmission of the thumbnail images using the
wireless network will require low latency, with a latency of 0.9 ms to 3.5 ms considered
Good. As the thumbnail images transmitted through the network are only meant to
provide quick updates on activity and the full image data is stored within the digital
camera, slight aberrations in the transmitted data will only result in degraded thumbnails.
Hence, packet delivery requirements are not as stringent, with a Good rate ranging from
96.5% to 99.7%.
Overall, latency is more important than packet delivery rate, which in turn is
much more important than lifetime. If latency is Superior and all other metrics are at least
Good, the overall design fitness is Superior. On the other hand, a Fair latency or packet
delivery rate corresponds to a Fair design. Since lifetime is not critical, if latency is
Superior, packet delivery rate is at least Good, and lifetime is only Fair, then the design
is still Good. If, however, lifetime is Fair and the latter requirements on latency and
lifetime are not met, the overall design fitness is Fair. All other design alternatives are
considered Insufficient.
2.5.4 Climate Controlled Greenhouse Monitoring
Finally, we consider a Climate Controlled Greenhouse (GH) application consisting of
sensor nodes spatially distributed throughout an automated greenhouse. Every five
seconds, each node sends the current temperature and humidity to the base station for
monitoring purposes. Additionally, if the temperature exceeds a user defined threshold or

59

the humidity drops below a defined threshold, the sensor nodes will activate a misting
system until the greenhouse climate has returned to an acceptable level.
A moderately long lifetime is desired in order to minimize human presence and
maintenance within the automated greenhouse environment. However, the desired
lifetime would ideally encompass the elapsed time required to plant and harvest the
specific crop being grown. Hence, a lifetime of 3 to 6 months is considered Good.
Reliable data is crucial in monitoring the greenhouse environment, as properly
controlling the misting systems is essential for good plant health and minimizing water
costs. Thus, a Good packet delivery metric corresponds to a rate of 99.95% to 100%. The
importance of latency is inversely proportional to the sampling rate. While the amount of
data being processed and transmitted by individual nodes may be small, a larger number
of sensors may be present within the greenhouse. Thus, a latency of 0.48 ms to 48 ms is
Good.
For the Climate Controlled Greenhouse application, lifetime and packet delivery
are more important design metrics than latency. Thus, a Fair lifetime or packet delivery
rate results in a Fair overall design fitness. A Superior design must have a Superior
lifetime, a Good or Superior packet delivery rate, and a Good or Superior latency. If a
Good lifetime is achieved along with a Good or Superior packet delivery rate, and a
Good or Superior latency, the overall design is considered Good. As latency is not critical
for this application, a Fair latency can still lead to a Good overall design only if lifetime
is Superior and the packet delivery rate is Good or Superior. Otherwise, the design is
considered Fair.
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Table 2: Comparison of optimal static and dynamic node configurations for (a)
low activity and (b) high activity dynamic scenarios showing breakdown of
individual fuzzy design metric classifications for lifetime (L), packet delivery
rate (P), and latency (LA), and the overall fuzzy design fitness (F).
Optimal Dynamic
Config.
App L %

P % LA % F %

Optimal Dynamic
Config.

Optimal Static Config.
L%

P % LA % F %

App L %

P % LA % F %

Optimal Static
Config.
L%

P % LA % F %

FF 100 S 100 S 98 S 100 S 100 S 100 S 54 S 92 S

FF 100 S 100 S 98 S 100 S 100 S 100 S 54 S 92 S

BM

BM

15 G 100 S 0.3 G 39 G 39 S 100 S 15 F 65 F

35 G 100 S .03 G 45 G 29 G 100 S 20 F 54 F

EM 0.8 S 100 S 58 F 75 F 0.8 S 100 S 58 F 75 F

EM 0.7 S 100 S 34 G 62 G 0.7 S 100 S 34 G 62 G

GH

GH

12 S 100 S 83 F 65 G 23 S 100 S 38 F 54 G

(a) low activity scenario

2.6 Experimental Results

76 F 100 S 97 F 74 F 69 F 100 S 13 F 45 F

(b) high activity scenario

Each of the aforementioned applications was written for the TinyOS operating system
using the NesC programming language, and implemented on the IRIS motes sensor
network platform with each incorporating our dynamic profiling framework. Using a
small scale – on the order of 10 nodes – deployment of sensor nodes, we profiled two
dynamic execution scenarios per application corresponding to a low activity environment
and a high activity environment which subjected the deployed sensor network system
with manually created environmental stimuli for the two execution scenarios. For
example, considering the Forest Fire Detection and Propagation Tracking application, a
low activity scenario corresponds to the normal detection mode in the absence of fire. On
the other hand, a high activity scenario is one in which the nodes have already detected
fire, during which the temperature sensor is more frequently read and alert messages are
transmitted within the network. Similar low and high activity scenarios are considered for
the remaining applications.
For each application, profile information for all sensor nodes was collected and
averaged under both dynamic execution scenarios. This averaged profile data was
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subsequently utilized by the optimizer module in order to produce a single optimal
configuration for each combination of application and dynamic execution scenario –
noting that such an optimal configuration remains valid as long as the execution
environment remains constant. To evaluate to the benefits of dynamically optimizing a
sensor node’s configuration instead of utilizing a single optimized configuration, we first
compare the optimal static configuration to the dynamic node configurations produced by
the online optimizer for low activity and high activity execution scenarios. Given our
extensive experience with the IRIS platform and having completed the development of
each application, we determined a static profile including the average packet reception
rate, packet transmission rate, packet size, and number of microprocessor instructions
required to process each packet reception and sensor event. Given this statically
determined application profile, for each application, we determined an optimal static
node configuration by exhaustively searching all feasible configurations given the
application expert specified fuzzy classification functions and fitness rules. Additionally,
the dynamic application profile for each execution scenario was utilized to determine the
optimal dynamic node configuration. Table 2 presents the breakdown of individual fuzzy
design metric classifications for lifetime, packet delivery rate, and latency, and the
overall fuzzy design evaluation for the optimal static and dynamic node configuration for
each application execution scenario.
For the low activity scenario presented in Table 2(a), the dynamically optimized
node configurations either equal or exceed the performance of the statically optimized
configurations. In the Forest Fire Detection and Propagation Tracking application, the
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dynamically optimized node configuration showed a 46% increase in the latency fuzzy
classification compared to the statically determined configuration. This improved latency
results in an increase in the final fuzzy fitness score from 92% S to 100% S, where S
indicates a Superior rating, G indicates a Good rating, and F indicates a Fair rating. For
the Building Monitoring application, the dynamically optimized node configuration
showed a similar improvement in lifetime but at the expense of latency. Specifically, this
lifetime fuzzy score increase from 15% G to 39% S corresponds to raw lifetime increase
of 6.05 months to 21.9 months; and the latency fuzzy score decrease from 0.03% G to
15% F corresponds to a raw latency increase of 9.5 ms to 64 ms. This tradeoff is
beneficial as it improves the overall design fitness from 65% F to 39% G. For the
Environmental Monitoring application, the dynamic and static node configurations were
both identical, thus dynamic optimization produced no discernable improvement for this
one particular scenario. The Greenhouse Monitoring application is analogous to the
Building Monitoring application in that overall improvement was attained using dynamic
profiling, but resulted in an improvement in latency at the expense of lifetime, achieving
a modest improvement in overall design fitness from 54% G to 65% G.
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Table 3: Comparison of exhaustive search and online fuzzy directed optimization
algorithms for low activity and high activity dynamic scenarios showing
breakdown of individual fuzzy design metric classifications for lifetime (L),
packet delivery rate (P), and latency (LA), the overall fuzzy design fitness, and
percentage of configurations searched (%CS) for the online fuzzy directed
optimization algorithm.
Low Activity Scenario
Exhaustive
App

L%

P % LA % F %

High Activity Scenario

Online Fuzzy Directed Alg.
L%

Exhaustive

P % LA % F % % CS L %

P % LA % F %

Online Fuzzy Directed Alg.
L%

P % LA % F % % CS

FF

100 S 100 S 98 S 100 S 100 S 100 S 98 S 100 S 0.06 100 S 100 S 98 S 100 S 100 S 100 S 98 S 100 S 0.06

BM

15 G 100 S 0.3 G 39 G 15 G 100 S 0.3 G 39 G 0.06 35 G 100 S .03 G 45 G 35 G 100 S .03 G 45 G 0.05

EM

0.8 S 100 S 58 F 75 F 0.8 S 100 S 58 F 75 F 0.10 0.7 S 100 S 34 G 62 G 0.7 S 100 S 34 G 62 G 0.05

GH

12 S 100 S 83 F 65 G 12 S 100 S 83 F 65 G 0.05

76 F 100 S 97 F 74 F 76 F 100 S 97 F 74 F 0.06

Importantly, given the focus on application experts – with limited engineering
expertise – by presenting the improvements using fuzzy metric classifications, an
application expert can quickly evaluate the improvements in individual metrics and
overall design fitness without needing to analyze the raw metric values. For example, in
the case of the Forest Fire Detection and Propagation Tracking application, rather than
presenting the improvement in latency as a raw improvement of 9.4 ms, the fuzzy metric
classification presents the improvement as an increase from 54% S to 98% S. We believe
that such an approach is more readily approachable and understandable by non-engineers.
For the high activity scenario presented in Table 2(b), all dynamically determined
node configurations outperformed their statically optimized counterparts. Additionally,
improvements in individual design metrics were achieved without trading off decreases
in other design metrics. The largest improvement was achieved for the Building
Monitoring application, for which the dynamically optimized node configuration
achieved an overall design fitness of 45% G compared to 54% F for the statically
optimized configuration.
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For both the high activity and low activity scenarios, despite our experience with
the underlying platform, a statically determined profile cannot reliably account for the
inherent variability in performance demands due to dynamic execution requirements.
Instead, dynamic optimization of sensor node configurations provides significant
advantages in being able to adapt to these environmental changes and re-optimize the
configuration.
We further evaluated the performance and efficiency of our online fuzzy-directed
optimization algorithm. Table 3 presents a comparison of the optimal dynamic node
configuration determined by exhaustively evaluating all feasible node configurations and
the dynamic node configuration determined using our online fuzzy-directed algorithm. A
breakdown of the individual fuzzy design metric classifications and the overall fuzzy
design evaluations for both low and high activity scenarios is presented along with the
percentage of feasible configurations evaluated by our online fuzzy-directed optimization
algorithm. For all applications and execution scenarios, our online fuzzy-directed
optimization algorithm finds the optimal dynamic node configuration, while evaluating
an average of only 0.06% of the entire set of feasible node configurations. This equates to
evaluating only 114 node configurations, of which 65 evaluations are utilized for the
initial search phase. On an 8 MHz processor, a single node configuration is evaluated in
approximately 4 milliseconds, leading to a total execution time of 0.456 seconds for the
fuzzy-directed optimization algorithm, compared to an execution time of 758 seconds
using an exhaustive search. We note that for subsequent dynamic optimization, the
current node configuration would be utilized as the initial configuration, further reducing
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Table 4: Comparison of the simple metric chance (SMC), neighboring
configuration evaluation (NCE), Taylor series neighboring configuration
approximation (TSNCA), and uni-directional variants (U-) re-optimization
algorithms for all applications (averaged) using over 19,000 different application
profiles considering an initial configuration of {F, V, RFP, DR, RFF} = {2 MHz,
2.7 V, 3 dB, 250 Kbits/s, 2405 MHz}.
Re-optimization
Evaluation
Algorithm

Correct
Unnecessary
Missed
Re-optimization
ReRe-optimization
Detections
optimizations Opportunities

Avg. Fuzzy
Fitness
Decrease

Max Fuzzy
Fitness
Decrease

Execution Time
(ms)

SMC

12.20%

27.38%

60.42%

2.19%

47.86%

4.01

NCE

95.63%

0.00%

4.41%

22.26%

45.63%

20.01

U-NCE

94.98%

0.00%

5.02%

22.97%

94.78%

16.74

TSNCA

95.90%

1.18%

2.92%

21.39%

24.00%

42.82

U-TSNCA

95.36%

1.18%

3.46%

23.65%

94.29%

36.50

both the number of node configuration evaluated by the online optimization algorithm
and its execution time.
We evaluate the effectiveness of the various re-optimization evaluation
algorithms based on the number of correct re-optimization detections, the number of
unnecessary re-optimizations, and the number of missed re-optimization opportunities
considering an initial configuration of {F, V, RFP, DR, RFF} = {2 MHz, 2.7 V, 3 dB,
250 Kbits/s, 2405 MHz}. To evaluate the effectiveness of these algorithms, we further
consider over 19,000 different application profiles based on data delineating meaningful
ranges for each profile parameter. These application profiles corresponds to all possible
combinations of the following profile parameters: six SenEvent values ranging from 0 to
2500, six PktRx and PktTx values ranging from 0 to 500, eight PktSize values ranging
from 0 to 21, and eleven μpInstr values ranging from 0 to 425,000.
Table 4 compares the simple metric chance (SMC), neighboring configuration
evaluation (NCE), Taylor series neighboring configuration approximation (TSNCA), and
uni-directional variants of the neighboring configuration evaluation (U-NCE), and Taylor
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series neighboring configuration approximation (U-TSNCA) by averaging the data for
each of the applications considered. Whenever the algorithm misses an opportunity to reoptimize, a fuzzy fitness decrease value is calculated. This value relates the fuzzy score
difference between the current suboptimal configuration and the optimal configuration.
Additionally, the execution time using an 8 MHz processor is reported for all reoptimization evaluation algorithms.
The SMC algorithm achieves the fastest average execution time of 4 ms, yet on
average, it achieved the lowest correct re-optimization detections, the highest
unnecessary re-optimizations, and the highest missed re-optimization opportunities with
values of 12.20%, 27.38%, and 60.42%, respectively. Although the average and
maximum fuzzy fitness decrease values due to missed re-optimization opportunities are
surprisingly modest, these values alone do not negate the algorithm’s subpar detection
performance, and thus do not warrant its use. We note that while these results will vary
depending on the selected metric change threshold, we do not expect any significant
improvements, as no direct correlation exists between a change in metric values and the
adequacy of the current hardware configuration.
As expected, both the NCE and TSNCA re-optimization evaluation algorithms
achieved comparable results and significantly outperformed the SMC algorithm. On
average, the TSNCA algorithm incurs a small 1.18% increase in unnecessary reoptimizations in exchange for a 0.27% improvement in correct re-optimization
detections, and a 1.49% decrease in missed re-optimization opportunities over the NCE
algorithm. Most notably, the TSNCA algorithm achieves the lowest average fitness

67

decrease value at 24%, which corresponds to an improvement of 21.63% over the NCE
algorithm. The TSNCA algorithm overestimates the neighboring configuration
specifically to reduce the number of missed re-optimizations and aids in detecting reoptimization opportunities that the NCE algorithm dismisses. The potentially significant
difference in behavior for these two optimization algorithms is best exhibited for the
Environmental Monitoring application. For this application, the TSNCA algorithm incurs
a maximum fitness decrease value of only 5.33% compared to the NCE algorithm’s
maximum fuzzy fitness decrease value of 91.26%. Whereas the NCE algorithm keeps a
suboptimal configuration with a latency of 22.3 ms, the TSNCA algorithm determines
that re-optimization is needed and finds a configuration with a latency of 3 ms.
As any re-optimization evaluation algorithm should be considerably faster than
the online fuzzy directed optimization algorithm, the execution time for the reoptimization evaluation algorithms is critical. The original NCE algorithm is faster to
compute, requiring 20 milliseconds, or roughly one half the time required for the TSNCA
algorithm. This constraint served as the primary impetus for developing the U-NCE and
U-TSNCA algorithms, which achieved a slightly decreased, yet comparable, performance
over their original counterparts in exchange for a 4 ms decrease in computation time. The
main drawback, however, is that the slight increase in missed re-optimization
opportunities of 0.61% and 0.54% for the U-NCE and U-TSNCA algorithms,
respectively, leads to a maximum fitness decrease greater than 94%.
The viability of these re-optimization evaluation algorithms hinges on both
detection performance and execution time. Based on the presented data, all algorithms,
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with the exception of the SMC algorithm, achieve a satisfactory detection performance.
On the other hand, an execution time is only satisfactory if it’s a small fraction of the
total optimization time. Given that our online fuzzy-directed optimization algorithm has
an average execution time of 0.456 seconds, the NCE, U-NCE, TSNCA, and U-TSNCA
re-optimization evaluation algorithms spend respectively 4.4%, 3.7%, 9.4%, and 8%, of
the average optimization time determining whether re-optimization is necessary.
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CHAPTER 3
ATLES-SN: A MODULAR SIMULATOR FOR SENSOR NETWORKS

3.1 Overview
The accuracy of the aforementioned profiling and optimization frameworks depends
critically on the accuracy of the estimation models used for the high-level design metrics
at runtime. However, assessing the eﬀect of configurable and profile parameters on highlevel design metrics can be a daunting task due to the complex interdependences between
parameters. Unless the parameter relationships can be determined using known
mathematical models, application experts and platform developers must typically derive
such models via experimentation.
Physically deploying a sensor network test-bed and relying on empirical
measurements to assess the eﬀect of parameter and design decisions can be impractical,
time consuming, and costly. Thus, computer simulations are an attractive means of
assessing the performance of sensor network platforms. These WSN simulators give
application developers the ability to rapidly and accurately simulate an application for
design space exploration or performance assessment. The speed, accuracy, and suitability
of these simulations are largely dependent on the structure and features of a particular
simulator [23]. In this chapter, we present the Arizona Transaction-level Simulator for
Sensor Networks (ATLeS-SN), which allows developers to specify components at
diﬀerent levels of abstraction – from cycle-accurate to high-level algorithms – thus
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providing a greater degree of control over simulation speed and accuracy in comparison
to other oﬀerings.
3.2 Previous Work
Various sensor network simulators have been introduced. The NS-2 simulator [24] is an
early pioneer that began as a general network simulator. Its functionality has been greatly
expanded since inception and it has become arguably one of the most popular discreteevent sensor network simulators in use [49]. NS-2 oﬀers advanced models for several
MAC, transceiver, and routing protocols as well as a simple energy consumption model.
The MAC protocols integrated within NS-2, however, are not necessarily suitable for
low-power wireless sensor networks [79]. Moreover, application and environmental
sensing models are limited or non-existent [41]. Similarly, Castalia [14] is discrete-event
simulator built on the OMNeT++ platform. Castalia oﬀers several advanced wireless
transmission medium, radio, and MAC models that are suitable for wireless sensor
networks [49][41][40]. The simulation platform is also extensible and reasonably
modular, yet the lack of rigidly deﬁned component interfaces often limits the
compatibility of third-party developed components [23]. While developers are free to
create custom components at diﬀering levels of abstraction, Castalia lacks the
infrastructure necessary to easily model concurrent hardware down to the bit-level, thus
prompting some to extend OMNeT’s capabilities with SystemC [65].
TOSSIM and its extension PowerTOSSIM [53][89] accurately model the
networking and energy consumption of TinyOS based sensor nodes. The TOSSIM
simulators achieve excellent scalability and accuracy by emulating actual application
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code and simulating networking hardware devices down to the bit level. However, the
main drawback to these simulators is that models to incorporate the sensed environmental
phenomena are not available, and all nodes must execute the same source code. Most
importantly, TOSSIM is not suitable for all sensor networks as it is strictly designed for
MICA motes running the TinyOS operating system.
Finally, SENS [92] is an event-driven simulator that allows interchangeable
models for the application, network, transmission medium, and environment components.
The provided environment model is arguably one of the most sophisticated as it
accurately models both sensed phenomena and the radio transmission medium [40].
However, the main limitation to the SENS platform is the lack of accurate models for
routing and medium-access control.
Although numerous other simulation platforms exist, these platforms are similarly
eﬀective for their respective purposes, but do not provide a holistic environment for
application experts to design, evaluate, and optimize their respective applications. Thus,
we aim to consolidate the strengths of the aforementioned simulation platforms through
the introduction of the Arizona Transaction Level Simulator for Sensor Networks
(ATLeS-SN) – a modular and conﬁgurable simulator implemented in the SystemC
language.
We ﬁrst introduced the ATLeS-SN simulator in [37] and described basic
component functionality via two application case studies. This research extends upon this
previous eﬀort by presenting a signiﬁcantly revised and improved simulator structure
along with revised component models that more precisely and eﬃciently model real
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Figure 12: Transaction-level model example consisting of several components (P, Mem,
PE1, PE2,…, PEn) connected through a communication channel (Bus) with two interfaces.
sensor network implementations and applications. Speciﬁcally, the network stack now
includes subcomponents for the physical layer, medium-access control layer, and the
networking layer; the implementation and accuracy of the transmission medium model
has been improved; the interfaces and ports of the application component have been
restructured; a system monitoring component has been added; and a new sound
application and its corresponding environment and sensor components has been created.

3.3 SystemC and Transaction-level Modeling Overview
Transaction-level modeling (TLM) is a programming methodology that facilitates the
implementation of various elements within a design at diﬀerent levels of abstraction by
decoupling communication from computation. Developers are provided with the freedom
to work on a speciﬁc aspect of a design without having to implement all other
components in detail. Such a model is of great beneﬁt for developers, as developers are
able to concurrently develop and reﬁne diﬀerent components within the same system
without having to wait for the previous phase to be completed.
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Figure 12 provides an example of a transaction-level implementation. In this
conﬁguration, a processor, memory, and several processing elements – all called
components – are connected through a common bus. This bus is a channel through which
all communication between components takes place and implements two interfaces that
deﬁne the types of methods – or transactions – that the connected components can use to
interact with the channel. The processor, memory, and processing element components
contain ports, which additionally deﬁne the type of interfaces to which they can be
connected.
As long as these interfaces and their respective transactions remain ﬁxed, a
developer is free to modify or reﬁne the underlying channel, processor, memory, or
processing elements without compromising system compatibility. Thus, these interfaces
and ports are the constructs through which TLM manages to separate the details of
communication from the underlying implementation. A developer, for example, could
ﬁrst implement the processor as a basic C/C++ algorithm and then progressively increase
its level of detail in order to implement a cycle accurate instruction-set simulator without
having to change any other component or aﬀecting compatibility. The SystemC language
– which is actually a class library to C++ – enables developers to easily take advantage of
TLM. Additionally, it provides support for discrete-event, time-based, and cycle-accurate
simulations.

3.4 ATLeS-SN Simulator Structure
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Figure 13: Overview of the components, ports, and interfaces for the Arizona
Transaction-Level Simulator for Sensor Networks (ATLeS-SN) 2.0.
The Arizona Transaction-Level Simulator for Sensor Networks is a simulation platform
built using the SystemC extension to the C++ language. Through the principles of
transaction-level modeling, ATLeS-SN emphasizes a modular design that allows
developers the ability to iteratively reﬁne and replace individual components with
minimal eﬀect to system compatibility. Such modularity facilitates the design process by
giving developers the freedom to focus primarily on components of interest while others
are speciﬁed only to the necessary level of detail. Moreover, developers can easily take
advantage of third-party developed components to extend the application of interest or
evaluate various design options. Indeed, through the case study presented in this chapter,
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we aim to demonstrate the beneﬁts of integrating a diverse set of components from
diﬀerent simulators into a single simulation environment.
In designing the structure of this simulation framework, special attention was
given to the issue of modeling the overall functionality of a sensor network using an
adequate and realistic set of components. This task involved determining both the number
of components and their individual functionalities. Specifying an insuﬃcient number of
components makes it diﬃcult for the developer to reﬁne a speciﬁc aspect of the simulator
as multiple diﬀering functionalities are lumped together. On the other hand, too many
components can overwhelm the developer and impede high-level thinking and design. In
order to achieve the appropriate balance in component composition and granularity, a
survey of sensor node modeling was conducted and it revealed that the essential
considerations in sensor network design and optimization are power consumption,
communication, application functionality, and the sensed environment [53][14][92].
Consequentially, these are the categories that guided the selection of components for
ATLeS-SN. If, however, a developer ﬁnds that the subdivision of components within
ATLeS-SN is too coarse a granularity for a particular application, transaction-level
modeling additionally allows the implementation of subcomponents within an existing
component, thus eﬀectively making the latter a wrapper through which all
communication with external components takes place.
Figure 13 presents an overview of the components, interfaces, ports, and
connections that compose the underlying structure of the ATLeS-SN framework. Each
individual Sensor Node is speciﬁed as a collection of subcomponents. Speciﬁcally, the
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App component encapsulates the core functionality of the sensor node; the Sensor
component models the sensors found within each node; the NetworkLayer, MACLayer,
and PhysicalLayer components within the Network Stack component model the software
and hardware necessary for wireless communication; and the SystemMonitor component
enables a developer to monitor activity in the Network Stack, App, and Sensor
components for later estimation and optimization of node power consumption, lifetime,
or other metrics of interest [66][67][86]. The Environment and Transmission Medium
components are external to the sensor nodes and model the sensed phenomena and the
wireless communication medium, respectively.
Figure 13 additionally speciﬁes the interfaces implemented by each component as
well as the corresponding ports and connections. These elements are critical in deﬁning
all potential interactions – or transactions – between components and are further
explained in the following sections.
3.4.1 Application Component
The App component models the functionality of the software executed in a sensor node’s
processor. This, however, does not include the drivers utilized to interface with the
sensors or physical layer components such as the transceiver. Instead, App simulates the
algorithms necessary to implement the high-level functionality of the wireless sensor
network at large. Examples include the code necessary to detect and respond to elevated
temperatures in the case of a forest ﬁre application, or the algorithms necessary to
calculate speed and direction in an accelerometer based application.
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As speciﬁed by Figure 13 (d) and (g), the App component implements two
interfaces: packet_receive_if and sensor_interrupt_if. The packet_receive_if interface
speciﬁes a “receive” transaction that allows the application component to receive data
packets from elsewhere in the network. The application typically receives these packets
from the node’s networking components, which as explained in Section 3.4.3, are
responsible for controlling inter-node communication. Finally, the sensor_interrupt_if
interface speciﬁes an “onSensorInterrupt” transaction that allows a Sensor component to
interrupt the application in order to deliver a sensor reading asynchronously.
The App component additionally contains ports that allow it to initiate
transactions with other components – again via interface deﬁnitions. The upper port
connects to an interface for transmitting packets (Figure 13(c)); the lower connects to an
interface for actively demanding sensor data or actuating the environment (Figure 13(f));
and the rightmost port connects to an interface for tracking power states (Figure 13(e)).
The provided models for the App component simulate high-level C/C++ algorithms using
an approximate-timed model in which operation delays are approximated using SystemC
wait statements. Under an approximate-timed model, these wait statements – written as
wait(time, time unit) or wait(event) – are utilized to instruct the simulation engine to halt
program execution until an event, such as the expiration of time, is triggered in order to
approximate delays inherent of a particular algorithm or calculation. However, diﬀerent
levels of abstraction can be implemented in order to meet the goals of a particular
simulation. For example, a cycle-accurate instruction-set simulator that executes
assembly instructions can be implemented within the App component in order to model
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performance, instruction delay, and energy consumption more accurately. However, a
low-level implementation such as this may be inadequate if simulation time and
scalability are primary concerns. In these situations, the aforementioned approximatetimed model or an untimed model that only utilizes event counters to calculate the energy
consumed may be more suitable. Nonetheless, within the TLM implementation the
developer is free to specify the required level of abstraction with the assurance of system
compatibility as long as the custom application component implements the
aforementioned interfaces.
3.4.2 Sensor Component
The Sensor component models the functionality of a physical sensor within a sensor node.
Examples include light sensors, temperature sensors, or accelerometers. As shown in
Figure 13(f), the Sensor component must implement a sensor if interface that speciﬁes
“Read” and “Actuate” transactions. The former allows other components, typically the
App, to read data values from the sensor, and the latter is used to actuate the environment.
Because the data returned to a physical processor consists of bits, the “Read” transaction
adheres to this abstraction by returning unsigned integer values which the App component
must decipher according to the type of sensor being used.
The Sensor component additionally contains three ports that allow the sensor to
initiate transactions with other components. One port connects to a component
implementing the sensor_interrupt_if interface – typically the App – and allows the
sensor to interrupt its execution in order to deliver a new sensor value asynchronously.
Another port connects to the environment_if interface, described in Section 3.4.6, and
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enables the sensor to interact with the environment. The last port connects to an interface
in the System Monitor component for tracking the sensor’s power states.
The provided models for the Sensor component are approximate-timed and
consequently use SystemC wait statements to simulate delays. In fact, both the “Actuate”
and “Read” transactions block – or delay the execution of – the calling components with
these wait statements in order to more accurately simulate the time necessary for sensor
reading and communication. Again, the developer is free to modify or implement his or
her own Sensor component using the desired level of abstraction.
3.4.3 Network Stack and Subcomponents
The PhysicalLayer, MACLayer, and NetworkLayer components, collectively called the
Network Stack, implement

the sensor node’s networking functionality. The

PhysicalLayer models the capabilities of wired or wireless transceivers and the
controlling circuitry, thus allowing the node to receive and transmit data in the form of
bits. The MACLayer component implements the medium-access control functionality
which, depending on the actual implementation, controls aspects such as when packets
are transmitted and the states of the transceiver. The NetworkLayer component
implements the high-level networking functionality, and depending on the speciﬁc
routing protocol employed, determines the appropriate recipients of transmitted packets
and whether a received packet should be retransmitted or given to the application
software for processing.
When a node ﬁrst receives a packet, the packet traverses the entire network stack
from the PhysicalLayer to the NetworkLayer before being delivered to the App
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component. If the App needs to transmit a packet to another node, then this order is
reversed. The PhysicalLayer implements a physical_if interface that speciﬁes three
possible transactions. The “TransmitPacket” transaction allows other components –
typically the MACLayer – to give the PhysicalLayer a packet for transmission, the
“Conﬁgure” transaction is used to change the its state or conﬁguration, and the
“isChannelClear” transaction is utilized to determine if the transmission medium around
the sensor node is clear. These three transactions are typically utilized by the MACLayer
component. The PhysicalLayer additionally contains three ports. The upper port allows it
to send and receive packets from the transmission medium via a medium_if interface
(Figure 13(a)); the lower connects to a packet_receive_if interface and allows it to pass
along received packets to components such as the MACLayer (Figure 13(d)); and the
rightmost port connects to an interface in the System Monitor component for tracking
power states (Figure 13(e)).
The MACLayer component implements the packet_receive_if and packet_send_if
interfaces to enable components such as the PhysicalLayer to supply the MACLayer
component with received packets, and components such as the NetworkLayer component
to send packets meant for transmission. The NetworkLayer component similarly
implements the same packet_receive_if and packet_send_if interfaces. The MACLayer
component has two ports that are simply utilized to deliver packets to the PhysicalLayer
and NetworkLayer components. Similarly, the NetworkLayer ports are used to deliver
packets to the App and MACLayer components.

81

The provided models for the network stack components are also approximatetimed. The “TransmitPacket” transaction implemented by the PhysicalLayer and used by
the MACLayer is blocking and utilizes SystemC wait statements to model the
communication time between processor and transceiver.
We note that although all of the provided MACLayer and NetworkLayer
components – see Section 3.5.2 – are currently modeled as software routines running in
the sensor node’s processor, the user is free to develop custom components that are
modeled as hardware implementations or some mixture of software and hardware.
3.4.4 System Monitor Component
The SystemMonitor is a general monitoring component used to improve the accuracy of
simulation; however, it may also represent an actual software component used in
profiling and optimization efforts. It can be used to model a variety of node parameters
including the energy consumption of an individual sensor node. As illustrated in Figure
13(e), the System Monitor component implements a system_monitor_if interface that
specifies an “UpdateState” transaction that other components use in order to inform the
PowerTracker of component state changes. Based on these states, this component can
keep track of parameters such as the remaining battery energy or voltage. While the use
of this component is optional, the System Monitor component can provide developers
with deeper insight into the execution of the application and evaluation of platform
design choices. The provided model is presented in more detail in Section 3.5.3.
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3.4.5 Transmission Medium Component
The TransmissionMedium component models the physical medium through which signals
propagate. After transmission, data packets traverse this physical medium as encoded
information in the form of electromagnetic radiation and are eventually received by a
sensor node’s PhysicalLayer as seen in Figure 13(a). The TransmissionMedium
component simulates aspects such as packet delay and signal degradation as information
propagates through the environment. However, in order to properly simulate this
degradation, this component must have access to information regarding each node’s
location. Thus, it is initialized with an array of objects containing identification and
location information for all sensor nodes.
The TransmissionMedium component, shown in Figure 13(a), implements a
single medium_if interface to which all sensor nodes in the network are connected via the
PhysicalLayer’s port. This interface specifies the “Transmit” and “Listen” transactions.
The “Transmit” transaction is utilized by a PhysicalLayer component when sending a
packet and the “Listen” transaction is similarly used by the PhysicalLayer when listening
for remote packets.
Because signal degradation and packet losses are of significant concern in the
realm of networking, a broad number of signal propagation models have been introduced
in literature. These include advanced models such as the Radio Irregularity Model [104],
the log-normal shadowing path loss model [107], as well as other simpler models that
discard packets based on probabilities or assume an ideal environment in which every
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node can receive all packet transmissions without error. Our implementation of the lognormal shadowing path loss model is introduced in Section 3.5.1.
3.4.6 Environment Component
The Environment component is analogous to the aforementioned TransmissionMedium
component, however, it instead models the physical medium through which sensed
phenomena originate and propagate. In a forest fire monitoring and tracking application,
for example, the sensed phenomena is temperature and the Environment component could
model the propagation of fire through the landscape and the conduction of heat to
individual nodes.
The Environment component, depicted in Figure 13 (b), implements an
environment_if interface which specifies “Sense” and “Actuate” transactions. The
“Sense” transaction allows individual Sensor components to sense the environment and
returns the appropriate reading typically based on the calling node’s position and sensor
type. The “Actuate” transaction allows sensors to actively influence and alter the
environment. In a greenhouse monitoring application, for example, a sensor detecting
elevated temperatures could actuate the environment by turning on misters to reduce the
ambient temperature.
Because the correct environment implementation is strictly dependent on the type
of application, a wide variety of models – such as the sound propagation environment
presented in Section 3.6.2 – can be used. Some developers might choose to forgo
modeling the mathematical complexities of propagation and simply read values from a
file, and others may not have the need to use the Environment component.
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Figure 14: Overview of the simulator structure for the IRIS mote platform highlighting
the utilized component models in parenthesis.

3.5 Implementation and Verification of ATLeS-SN Components for Target Sensor
Platform
The component models included in ATLeS-SN were selected based on our survey of
WSN simulator literature and are highlighted in Figure 14. Although a variety of sensor
network platforms are available, the sensor node components within ATLeS-SN have
been configured to closely approximate IRIS motes [19] running the TinyOS operating
system. Specifically, the SystemMonitor component has been designed to simulate an
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Figure 15: StateChart detailing the interactions between concurrent super-states in the
Transmission Medium Component.
IRIS mote’s energy consumption and the MAC component models the B-MAC protocol
developed for TinyOS. The App, Sensor, and Environment components were designed to
model the target acoustic ranging application discussed in Section 3.6. The remaining
components were selected from various other simulators and our implementations closely
approximate their original functionalities. The following sections highlight each of the
provided models.
3.5.1 Transmission Medium: Path Loss Lognormal Shadowing Model Implementation
The TransmissionMedium component models the physical medium through which signals
– which encapsulate packets – propagate before reaching their destination. Due to the
popularity of the Castalia simulator [14] and the maturity of their models, the
Transmission Medium component integrates the signal degradation and propagation
model found in Castalia. We note that this model assumes node locations are static and
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that nodes cannot be dynamically added to the network during runtime. However, the
simulator’s extensibility certainly allows developers to add this functionality by
developing their own custom implementation of the Transmission Medium.
The functionality of our Path Loss Lognormal Shadowing model for wireless
transmission is illustrated by the StateChart shown in Figure 15. In accordance to
StateChart automata, dashed lines indicate parallel execution of concurrent states. Thus,
any component described by such a StateChart is simultaneously operating in all
concurrent super-states at once. Transitions between states occur upon the activation of
events, and these transitions may be guarded using conditional statements enclosed in
parenthesis. The timeout(event, delay) expression represents an event that is activated
when a specified time delay has elapsed after the occurrence of some event. Additionally,
the expression /x indicates the generation of event x upon transition. Importantly, this
method of mixed event-driven and time-based simulation is efficiently supported in
SystemC. We refer the interested reader to [34] for a more detailed description of
StateCharts.
This particular model has three concurrent super-states: the Listen State (L),
Transmit Signals State (TS), and Track Active Signals State (TAS). Although not
explicitly shown in Figure 15, a new instance of the TS super-state is launched whenever
a node utilizes its physical if port to transmit a new packet. When this event occurs, substate E(Wait for Node Transmit) within the newly created TS super-state transitions to
sub-state F (Store Signal and Calculate Expiration Time), where the medium component
stores the incoming signal, calculates its expiration time – or the amount of time the
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signal will be in transmission – and finally notifies other concurrent states that a new
signal has been received before returning to sub-state E.
Similar to the Castalia framework, the wireless signals used in our model have a
non-zero transmission time that is calculated based on the packet’s size and the
transmitting radio’s data rate. Consequentially, the TAS super-state is responsible for
keeping track of any active signals being transmitted and removes those that have
“expired” in sub-state H (Remove Expired Signal).
The L super-state essentially models the functionality of the “Listen” transaction.
A new instance of the L super-state is launched whenever a node uses its medium_if port
to listen for wireless signals. When this occurs, the medium first checks the number of
currently active signals in sub-state B (Check # of Active Signals). If any active signals
are present, a transition to sub-state D (Return Active Signals to Node) occurs and the
medium delivers any signals the listening node has not yet received. Otherwise, if no
active signals are being transmitted, a transition to sub-state C (Wait for New Signal
Notification) occurs and the transmission medium component blocks the node’s
execution until a new signal has been received.
In order to determine which signals a particular node can receive, the medium
utilizes a signal propagation function to model the power loss of a signal as it propagates
a certain distance. If the signal’s power is calculated to be below a certain configurable
threshold upon reaching a receiving node, then the packet is simply not delivered. The
threshold utilized in the model is 10dB below the Transceiver’s sensitivity or noise floor,
and the propagation model is called the “Path Loss Lognormal Shadowing Model” [107].
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Figure 16: StateChart detailing the interactions between four concurrent super-states in the
Castalia Transceiver model for the PhysicalLayer Component.
The following equation, (15), is used to approximate the path loss – or loss in
power – of a signal as it propagates through a medium.
𝑃𝐿(𝑑) = 𝑃𝐿(𝑑0 ) + 10 ∙ 𝜂 ∙ log (

𝑑
) + 𝑋𝜎
𝑑0

(15)

𝑃𝐿(𝑑) is the path loss at distance 𝑑 from its source, 𝑃𝐿(𝑑0 ) is a known path loss
value at a reference distance 𝑑0 , η is the path loss exponent, and Xσ is a Gaussian zeromean random variable with a standard deviation of σ. Using equation (15), a signal’s
strength after propagating a distance d can be calculated as shown in (16).
𝑃𝑟 (𝑑) = 𝑃𝑡 + 𝑃𝐿(𝑑)

(16)

𝑃𝑟 (𝑑) is the received signal strength at distance 𝑑, 𝑃𝑡 is the original transmitter output
power in decibels and 𝑃𝐿(𝑑) is the path loss at a distance 𝑑. With these formulas, the
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medium component can determine if a node will receive a certain signal by comparing
the result of equation (16) with the predefined noise floor threshold.
3.5.2 Network Stack
The following sections within this chapter describe our implementations of several
existing networking protocols. The selected protocols are well-known and suitable for
WSNs. We emphasize that our goal is not to provide improved implementations of these
established protocols, but rather to demonstrate the versatility of our simulator by
showing examples of the types of protocols that can be developed for ATLeS-SN.
3.5.2.1 PhysicalLayer: Castalia Transceiver Model Implementation
We constructed the MACLayer and PhysicalLayer component models based on their
corresponding Castalia counterparts. As illustrated in Figure 16, our custom
implementation of Castalia’s wireless transceiver model for the PhysicalLayer contains
four concurrent super-states: the Transmit State (T), the Listen for Commencing Signals
State (LCS), the Listen for Ending Signals State (LES) and the RSSI State (R). Together,
these concurrent super-states enable the transceiver to receive packets, transmit packets,
and check if the medium around the node is clear by using a received signal strength
indicator – or RSSI.
The transceiver model is designed to continuously listen to the transmission
medium for the duration of the simulation, enabling the transceiver to accurately
calculate the signal-to-noise ratio and signal interference at all times. The reception of a
signal/packet is determined by calculating the number of bit errors that occurred during
its reception and checking if this number is less than the appropriate threshold given by
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the packet’s encoding. The number of bit errors is a function of the incoming signal’s
signal-to-noise ratio (SNR), the modulation scheme, data rate and the length of the
packet. The interference of multiple signals is accounted by summing the signal strengths
of all interfering signals and calculating a new SNR. We refer the interested reader to the
Castalia User’s Manual [14] for a more detailed explanation of signal reception.
The LCS super-state shown in Figure 16 is responsible for detecting all incoming
signals by first calling the medium_if interface’s “Listen” transaction in sub-state A
(Begin Listening). This transaction will block the transceiver’s execution until the node
receives a signal. Once the medium delivers these signals, sub-state B (Process Signal)
will 1) discard new signals whose carrier frequency does not match the transceiver, 2)
mark those signals received while the transceiver is not in the RX state, 3) update the
interference and bit errors of all previously received signals due to the arrival of the new
ones, 4) calculate the interference and bit errors of the newly received signals, and 5)
calculate the total power – or interference – at the radio. Once this processing is
completed, the transceiver stores the remaining signals in sub-state C (Store Signals in
Buffer) and then returns to the initial state. We note that signals received while the
transceiver is not in the RX state are not immediately discarded, but are instead kept in
order to accurately calculate interferences and bit errors. Also, a single iteration of the
super-state (LSC) completes without consuming simulation time in order to process every
possible signal.
The LES super-state is analogous to the transmission medium’s Active Signal
Tracking super-state. It is responsible for detecting when active signals meant for
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reception will finish propagating – or expire – and then determining whether each signal
was successfully received. Once a signal expires, sub-state E (Process Expiring Signal)
processes the final batch of signals. First, the state iterates through all currently active
signals and updates their interference and bit errors due to the expiration of the current
signal. Secondly, if the expiring signal contains an unacceptable amount of bit errors –
due to interference or being received in a state other than RX – it is discarded and the
transceiver transitions to the initial sub-state D (Wait for Signal to Expire). Otherwise, the
actual packet is extracted from the signal, which is subsequently discarded, and stored in
a buffer as shown in sub-state E (Process Expiring Signal). Finally, the packet will be
sent to the MACLayer component via the “Receive” transaction in sub-state G (Send
Packet to MAC).
Packet transmission is handled by the T (Transmit) super-state. The initial substate H (Wait for Packet from MAC) waits until the MACLayer component delivers a
packet via the “Send” transaction and sets the transceiver to the TX – or transmit – state
via the “Configure” transaction. Once both of these transactions occur, sub-state J
(Transmit First Packet in Buffer) begins transmitting all packets in its queue. Note that
packets are first encapsulated in our wireless signal object before transmission. After all
packets have been transmitted, the transceiver changes to the RX state or another state
specified by the MACLayer component, and the transceiver returns to the initial sub-state
H.
The Calculate RSSI super-state models the “isChannelClear” transaction that
allows the MACLayer component to check if the airspace around the node is clear for
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Figure 17: Plot of received signal power VS distance from the transmitting source. 𝜼 =
𝟒, 𝝈 = 𝟎, 𝑷𝒕 = 𝟎𝒅𝑩
transmission. Thus, sub-state L (Wait for MAC) simply waits until the MACLayer
component calls the aforementioned transaction, then calculates the current RSSI by
integrating the total power received over a configurable interval of time, returning the
value to the MACLayer component. We note that all communication between the
MACLayer and PhysicalLayer components is approximate-timed, and delay is modeled
via SystemC wait statements.
The transceiver model is highly configurable, and the developer is free to adjust a
bevy of settings including carrier frequency, transmission power, data rate, modulation,
RSSI integration time, bandwidth, and noise floor. We note that a custom transceiver
component that accurately models the functionality of the AT86RF230 radio used in IRIS
motes is also included but not presently discussed.
To validate the transceiver and the transmission medium’s Path Loss Lognormal
Shadowing model, a base station node was configured to transmit a packet to a second
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Figure 18: Diagram (a) illustrates the timing and activities of the B-MAC protocol using
one sender and one receiver [27] and (b) shows a plot of current versus time for a
transmitting node as produced by ATLeS-SN.
node located a variable distance away. In order to produce data comparable to that of our
original source [107], the transmitting node was configured with a transmission power
(𝑃𝑡 ) of 0dB, the known path loss value (𝑃𝐿(𝑑0 )) at a reference distance (𝑑0 ) of 1 meter
was set to -55dB, the path loss exponent (η) was set to 4, and the standard deviation (σ)
of the Gaussian zero-mean random variable was temporarily set to zero in order to
produce consistent data. The resulting graph, shown in Figure 6, plots the receiving
transceiver’s signal power (𝑃𝑟 ) given varying distances between the transmitting and
receiving nodes. This received signal power is consistent with equations (15) and (16)
and matches our original reference model.
3.5.2.2 MACLayer: Castalia Tunable MAC Model Implementation
Castalia’s Tunable MAC (T-MAC) component is a highly configurable and is able to
replicate a variety of different medium-access control protocols. Among them is the
popular B-MAC protocol developed by Berkley. Although our T-MAC implementation
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retains this configurability, we focus this discussion on our approximation of the B-MAC
protocol for the sake of brevity.
B-MAC is a contention based protocol developed specifically for wireless sensor
networks. This protocol is widely used primarily due to its effectiveness in limiting radio
power consumption [79][27]. Figure 18(a) illustrates how the B-MAC protocol controls
the transceiver’s states when receiving and sending packets. Several key observations can
be made. First, the B-MAC protocol controls the transceiver’s state so that it alternates
between sleeping and listening intervals. The fraction of time the radio remains listening
– i.e. in the RX state – is called the duty cycle and is always less than one. Decreasing the
duty cycle increases the sleep interval, and thus, reduces power consumption. However,
the probability of receiving a packet also decreases, as the transceiver must be listening to
successfully receive any signals. Additionally, the protocol controls the transmitting node
so that it checks the RSSI and begins transmitting packets only after its listening interval
is completed in order to maximize its ability to receive packets. However, before sending
the intended packet, the sending node transmits a train of preambles typically for a
duration equal to the sleep interval. Because a listening node will increase its listening
interval when it detects a preamble, sending them increases the probability of
successfully delivering a packet to its destination. Finally, the protocol resets the
transceiver’s sleeping schedule after receiving a packet.
This functionality is accurately approximated using our modified implementation
of Castalia’s T-MAC component. Because this implementation is meant to be a
recreation of the existing B-MAC protocol, we refer the interested reader to [79] for more
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Figure 19: StateChart detailing the interactions between concurrent super-states in the TMAC model for the MACLayer component.
information on the protocol’s intended functionality and a detailed discussion on
performance metrics such as expected throughput and energy savings.
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As the StateChart in Figure 19 illustrates, this T-MAC model for the MACLayer
component contains five super-states: the Start Listening State (SL), the Start Sleeping
State (SS), the Receive Packet from Transceiver State (RPT), the Receive Packet from
Router State (RPR), and the Attempt to TX or Set Sleep Schedule State (ATS).
The SL and SS super-states are responsible for setting the listening and sleeping
intervals respectively. Both wait until a configurable timer event is notified and then
proceed to change the state of the transceiver. The SS super-state, however, only sets the
transceiver to sleep if no outstanding packets are available for transmission.
When the node intends to send a packet, the MAC component’s RPR super-state
first waits for the NetworkLayer component to call the “Send” transaction in sub-state
M(Wait for NetworkLayer ) after which a transition to sub-state N(Check if tx buffer is
Full) occurs where it checks if the packet buffer is full. If it’s full, the packet is discarded.
Otherwise, the packet is stored and the transmission process is initiated by setting a flag
indicating that there are outstanding packets for transmission. Thus, instead of forcing the
transceiver to sleep, the SS super-state will then notify the ATS super-state that packets
are available for transmission.
The ATS super-state serves two purposes. First, when the RPR super-state notifies
that packets are available for transmission, the ATS super-state will check the channel’s
RSSI and attempt to deliver all available packets – including preambles – to the
transceiver by repeatedly traversing sub-states R, SA, T, and U in Figure 19. Secondly,
once all packets in the buffer have been transmitted, sub-states R and S will reset the
transceiver’s sleeping schedule.
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Finally, the RPT super-state models the “Receive” transaction used by the
transceiver when a packet is successfully received. Sub-state I (Wait for Packet from
Transceiver) waits for the transceiver – or any PhysicalLayer component – to call the
“Receive” transaction and then transitions to sub-state J (Check Packet Type) where the
packet’s type is checked. If the packet is a preamble, all timers – including the sleeping
timer – are canceled and the “Transmit timer” is reset so that the transceiver continues
listening for at least one sleep interval. Otherwise, if the packet is a data packet, it is sent
to the NetworkLayer component in sub-state L (Send Packet to NetworkLayer).
As previously mentioned, the T-MAC model is highly configurable and the
developer is free to specify settings such as the duty cycle, probability of transmission,
CSMA persistence and back off time, and the number of preambles to transmit among
many others. In addition, we note that ATLeS-SN includes an additional MACLayer
component that implements the CSMA/CA medium access protocol with virtual carrier
sensing; however it is not described in this dissertation.
Figure 18(b) validates the B-MAC protocol implementation, which was
configured with a sleep interval of 72ms and a listening interval of 8ms. The current
measurements in Figure 18(b) – which are based on the physical measurements discussed
in Section 3.5.3 – correspond to the protocol specification in Figure 18(a). The sleeping
intervals seen in Figure 18(a) correspond to the periodic sections of low current
utilization – 0.004 mA - with a duration of 72ms. Similarly, the transceiver’s wakeup
interval naturally demands a higher current and thus corresponds to the current values of
0.019 mA with a duration of 8ms. Finally, as specified in Figure 18, the B-MAC protocol
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requires that all packet transmission occur at the end of the wakeup interval, which as
seen in Figure 18(b) corresponds to the current spikes of approximately 0.024 mA at the
end of each wakeup interval.
3.5.2.3 NetworkLayer: AODV Routing Protocol Description
The networking layer is responsible for implementing the protocols necessary for
establishing communication routes between nodes in a network. In wireless sensor
networks, these routing protocols must be selected judiciously in order to ensure that
strict power and communication requirements are met. Importantly, these routing
protocols should be able to handle variations in link quality and unexpected changes in
network topology due to node failures. The Ad-hoc On-Demand Distance Vector
(AODV) routing protocol [77] has been designed with express goal of minimizing the
communication overheads of route discovery in a mobile ad-hoc environment and is
employed by the ZigBee standard in IRIS motes. As such, AODV has been implemented
for simulation in ATLeS-SN. We note that a simple NetworkLayer model, which assumes
that all destinations are reachable in one hop, has been additionally implemented for
those developers that do not require an extensive networking model.
As the name implies, AODV is a reactive protocol that establishes a route to a
destination node only on-demand. A node does not need to establish a route to a
particular destination until communication is necessary, thus minimizing the overhead of
transmitting route discovery packets. Furthermore, each node maintains a relatively small
routing table composed only of routes it actively uses. Each entry of the routing table
contains the routing information necessary to deliver a packet to a destination, including
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the destination address, the address of the next hop to that destination, the total number of
hops required to reach the destination, the sequence number for the destination, a list of
active neighbors that utilize this route, and the expiration/lifetime for this entry. In order
to maintain routes to neighbors, active nodes can periodically broadcast “Hello”
messages. Although this contributes to the routing protocol’s overhead, it is utilized in
our implementation of AODV.
Under this protocol, whenever a node needs to communicate with another, it
refers to its routing table to determine the next hop to the destination. If a valid entry
exists, the packet is simply sent to the next hop, which in turn proceeds to forward the
packet to its ultimate destination in the same manner. If a valid entry is not found, the
node broadcasts a route request (RREQ) packet in order to initiate route discovery. All
intermediate nodes receiving the RREQ can reply to the request using an RREP packet if
the route to the destination is known, or they can continue to broadcast the RREQ until it
reaches the destination, which then replies with its own RREP packet.
In AODV, a node is responsible for alerting all applicable neighbors when it
detects that a connection or link is unavailable. This is handled by sending an error
message (RERR) to all affected neighbors, indicating the address of unreachable nodes.
In order to determine which neighbors are affected by the broken route, a node keeps
track of precursor nodes for every entry of its routing table. Precursor nodes are
neighbors that are likely to use the current node as a next hop to a particular destination.
This list is populated when forwarding a packet and during route discovery, as a node
forwarding an RREP packet is sending it, by definition, to a precursor node.
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Figure 20: StateChart detailing the interactions between four concurrent super-states in the
AODV Routing model for the NetworkLayer Component.
This implementation of AODV is meant to be a recreation of the protocol as
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presented in [77]. We refer the interested reader to that paper for a more comprehensive
description of the AODV protocol and information on its performance. Specifically, [77]
contains experimental data regarding the expected throughput, average bandwidth
overhead, average latency to acquire a route, and the average number of packets lost due
to collisions for different WSN topologies.
3.5.2.4 NetworkLayer: AODV Routing Protocol Implementation
Our implementation of the AODV Routing Protocol is illustrated by the StateChart in
Figure 20, which defines four concurrent super-states: the Send Hello Packets State
(SHP), the Transmit Packets from Buffer State (TPB), the Track Table Entries State
(TTE), and the Handle Received Packets State (HRP). The SHP super-state periodically
creates “Hello” messages and forwards them to the MACLayer for transmission. The TPB
super-state, on the other hand, is responsible for processing packets in the transmission
buffers. In particular, sub-state F (Handle AODV Packets) processes AODV packets – i.e.
RREQ, RREP, and RERR – for transmission. If the packet is an RREQ packet, it is
simply broadcasted. If it is an RERR, information regarding unreachable nodes is used to
buffer additional RERRs to the affected precursor nodes in sub-state FC (Create RREQ
and Store it in Buffer). Lastly, if the packet is an RREP packet and a valid route the
intended node exists, it is forwarded to the next hop in sub-state FE (Set Destination to
Next Hop and Send to MACLayer). Otherwise, an RRER is sent to the neighbor from
which the node received the RREP.
The TTE super-state tracks expiring entries in both the routing table and the
RREQtable, which temporarily caches RREQs received during route discovery. The
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Table 5: Power Model for the IRIS platform based on
physical measurements of an IRIS mote during operation.

Mode
CPU
Active
Idle
Sensor Board
Active

Current
8.0 mA
3.4 mA

0.7 mA

Mode
Transceiver
Rx
TX(3dBm)
TX(1dBm)
TX(-3dBm)
TX(-17dBm)
TRX ON
SLEEP
PLL ON

Current
16 mA
17.5 mA
15.5 mA
13.5 mA
10.5 mA
1.5 mA
0.02 μA
7.8 mA

entry’s type is determined in sub-state I (Check Entry Type). If it is a routing table entry
and the destination address belongs to a neighbor, RRER packets destined to precursor
nodes are buffered for transmission in sub-state L (Invalidate Entries and Buffer New
RRERs For Affected Nodes). Otherwise, if the routing table entry belongs to a nonneighbor, the entry is deleted in sub-state K (Delete Entry). For table entries belonging to
the RREQTable, the source of the RREQ is first determined in sub-state M (Check if This
Node is The Source of The RREQ). If the RREQ’s source is another node in the network,
the entry is deleted in sub-state N. Alternatively, if this node was the source of the RREQ
and a valid destination has not yet been found, a new RREQ packet is buffered for
broadcast in sub-state O (Buffer Another RREQ) as long as the limit of RREQ
transmissions has not been reached. Otherwise, if a valid route has already been
established or the RREQ limit has been reached, the entry is discarded in sub-state N.
The Handle Received Packets (HRP) super-state processes received packets
according to type. If the received packet is an RREQ, the node first updates it routing
table for the previous hop from which it received the packet and for the original source of
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Figure 21: StateChart detailing the interactions between concurrent super-states in the
SystemMonitor component.
the RREQ in sub-states WA and WB. If this node is the intended destination for the
RREQ or if this node has a valid route to the destination, an RREP packet is created and
stored in the buffer for transmission in sub-states WD and WF respectively. Note,
however, that in sub-state WF, an RREP is also sent to the destination of the RREQ as
per the AODV specifications. Otherwise, the RREQ is buffered for re-broadcast in substate WG.
Similarly, in a manner consistent with the protocol specification, RREP packets,
data packets, “Hello” messages, and RRER packets are processed by states S, T, U, and
V, respectively.
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3.5.3 System Monitor: IRIS Mote Power Tracking Model Implementation
Our implementation of the SystemMonitor component is based on the principles
established by the PowerTOSSIM simulator [89]. As in PowerTOSSIM, the
SystemMonitor component tracks the states of individual components and updates the
total current drawn from the battery using current values derived from physical
measurements of a sensor node’s operation. However, while PowerTOSSIM models
MICA motes, the SystemMonitor component is specifically designed for IRIS motes and
utilizes the experimentally verified current values shown in Table 5. We note that an
interested user can easily update the SystemMonitor component to reflect a variety of
platform choices. The MACLayer, NetworkLayer, and App components are considered a
part of the CPU when modeling energy consumption. Thus, the CPU is idle if any the
aforementioned components are idle, and the CPU is active only when the App
component is in the active state.
Figure 21 shows the StateChart describing the functionality of the IRIS Mote
Power Tracking model. Two concurrent super-states are defined: the Component State
Update State (CSU), and the Current Draw Update State (CDU). The CSU state models
the functionality of the “UpdateState” transaction utilized by all sensor node components
to register their states with the SystemMonitor. This super-state first waits for a
component to call the aforementioned transaction in sub-state A (Wait for Component
Update) and then transitions to sub-state B (Calculate Component Energy Consumed)
where it updates the component’s energy consumed up to the current time. Once
completed, the calling component’s new state is recorded only if it’s different from its
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Figure 22: Plots of total system current versus time (a) measured from a physical IRIS
mote and (b) attained from the ATLeS-SN PowerTracker. These measurements
correspond to a 27 byte packet transmission
previously recorded state. Finally, an “Update Current Draw” event is generated before
returning to the initial sub-state A.
The CDU super-state waits for this update event in sub-state D (Wait for Update
Event). Once the event is detected, CDU updates the sensor node’s total current draw by
adding individual current values, as denoted in Table 5. The total current value is then
used to calculate the total energy consumed using equation (17), in which 𝐼𝑡𝑜𝑡𝑎𝑙 is the
total current, 𝑉𝑏𝑎𝑡𝑡𝑒𝑟𝑦 is the battery voltage – 3 volts in the IRIS platform – and ∆Time is
the time since the last update.
𝐸𝑛𝑒𝑟𝑔𝑦𝐶𝑜𝑛𝑠𝑢𝑚𝑒𝑑+= 𝐼𝑡𝑜𝑡𝑎𝑙 × 𝑉𝑏𝑎𝑡𝑡𝑒𝑟𝑦 × ∆𝑇𝑖𝑚𝑒

(17)

If the total energy consumed exceeds the battery’s initial energy – 3609 Joules for
a 3 volt 3000 mAH battery – then the CDU super-state sets a flag indicating that the
sensor node has “died.” This flag is accessible by other components and allows the
disabling of functionality. SystemC wait statements were utilized across all components
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in order to accurately model execution delay with minimal impact to simulation
performance. Because the transceiver typically dominates energy consumption, SPI
communication and state transition timings were modeled in accordance to the
specifications found in the AT86RF230 datasheet [7]. Transceiver configuration and SPI
communications were additionally modeled using the functionality specified by the
AT86RF230 transceiver drivers utilized for the TinyOS operating system. Application
execution delays were approximated using both the processor’s frequency and an
estimate on the number of instructions.
In order to verify that this power model correctly simulates the energy
consumption of an actual IRIS mote, physical current measurements of a 27 byte packet
transmission (Figure 22(a)) were compared to those attained using ATLeSSN (Figure 22
(b)). The total energy consumed for the experimental and simulated data is 202.01 J and
205.34 J respectively, corresponding to an error of only 1.65%. The overhead of this
particular implementation of the SystemMonitor component on simulation runtime was
found to be modest. On average, simulations with 200 sensor nodes took approximately
7% longer to finish execution when this Power Tracking Model was enabled. This result
is to be expected as the model utilizes a relatively simple equation to calculate the energy
consumed. Other implementations may be more complex and thus may result in larger
overheads.

3.6 Case Study: S.E.N.S Sound Localization Application
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ATLeS-SN supports two full-fledged applications – Forest Fire Tracking and Sound
Localization – each with its own implementations of the App, Sensor, and Environment
components. While the former application was developed specifically for ATLeS-SN, the
latter was modeled after a localization application originally developed for the SENS
simulator. In this section, we focus on the Sound Localization application [92] due to its
innovative and highly regarded implementation of the Environment component.
3.6.1 SENS Application
In the SENS Localization application, sensor nodes utilize acoustic ranging to estimate
their location with respect to anchor nodes. Nodes that know their physical location are
deemed anchors while those that do not are deemed non-anchors. In the ATLeS-SN
implementation of this application, half of the nodes are configured as anchors at the
beginning of simulation. Non-anchors periodically broadcast a packet indicating their
localization status. If an anchor receives a packet from a non-anchor it will transmit a
packet with its exact location and intended time of actuation followed by a sound beep. In
order to estimate their location, non-anchors must first determine the sound delay by
noting the exact time the sound was sensed and subtracting the actuation time specified in
the packet. The absolute distance from the source can then be calculated by multiplying
the delay with the speed of sound (343 m/s). In order to estimate its x and y coordinates,
the ten most recent distance samples are used in equation (18).
(𝑥, 𝑦) =

1
𝑛
(𝑥1 , 𝑦1 ) + ⋯ + (𝑥𝑛 , 𝑦𝑛 )
𝑟1
𝑟𝑛

(18)
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Table 6: Sound propagation parameters for each tile type (adapted from [92]).
Tile
grass
concrete
wall

Range
14 m
28 m
8m

Delay
0s
0s
0.018 s

Attenuation/Echo
0.95/0.0 x
1.0/0.0 x
0.7/0.3 x

The simulation ends after all non-anchors estimate their location to within a userspecified percentage of their actual location.
3.6.2 SENS Sound Environment and Sensor Implementation
The SENS sound Environment component implements a modular and reconfigurable
sound propagation medium. This modularity is achieved by partitioning the WSN
environment into a 2-dimensional grid of interchangeable tiles. The exact composition of
tiles is determined upon initialization by parsing a map file. Each tile type implements
different sound propagation properties. Table 6 lists the available tile types along with the
sound range, delay, and attenuation properties. Sound waves are propagated as circular
waves through the various tiles, with the corresponding delay and energy attenuation
continuously updated at every tile before being delivered to the appropriate sensor nodes.
The ATLeS-SN implementation of the Environment component is shown in
Figure 23(a). The SENS sound environment contains two concurrent super-states: the
Actuate Environment State (AE) and the Sense Environment State (SE). The AE superstate models the environment if interface’s “Actuate” transaction and thus sub-state A
(Wait for Sensor Actuation) waits until a node actuates the environment. After the
actuation event is detected, a transition to sub-state B (Calculate Sound Strength and
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Figure 23: StateCharts detailing the interactions between concurrent super-states in the
(a) Environment and (b) Sound Sensor components
Delay) occurs where the environment utilizes SENS functions to calculate the signal
strength and sound delay to each node in the network.
Both parameters are stored in a simulation object for each node. If the sound wave
emanating from the actuating node has already been simulated, there is no need to
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Figure 24: Plot of sound delay versus distance from the source.
simulate again as the previous results are utilized to improve performance. In either case,
these results are used in sub-state C (Determine Receiving Nodes and Arrival Times) to
determine the earliest time the newly created sound wave will reach each node. The SE
super-state models the “Sense” transaction and listening nodes simply wait until a sound
event arrives.
All sensors sense – or listen – for sounds at all times, thus a custom sound sensor
component was created for use with this application and its implementation described by
the StateChart in Figure 23(b). The SoundSensor component contains two concurrent
super-states: the Listen For Sounds (LS) state and the Actuate Environment (AE) state.
The LS super-state continuously calls the environment’s “Sense” transaction to sense
incoming sounds. If a sound is detected, it is delivered to the App component via the
“onSensorInterrupt” transaction in sub-state C (Deliver Sound Information to App Via
Interrupt) if the sensor is not currently actuating. The AE super-state waits until the App
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Figure 25: ATLeS-SN simulation execution for one hour of simulated time using the
Acoustic Ranging sensor network application for 2 to 512 deployed nodes.
component calls the sensor’s “Actuate” transaction in order to create a sound. Once this
occurs, the sensor will call the environment’s “Actuate” transaction specifying the origin
and volume of the desired sound in sub-state F(Call Environment’s Actuate Transaction
to Begin Transmitting Sound) in order to begin transmitting the sound. After waiting a
delay equal to the sound wave’s propagation time, the sensor again calls the
environment’s “Actuate” transaction in order to indicate the end of sound transmission in
sub-state H (Call Environment’s Actuate Transaction to End Sound Transmission) before
returning the initial sub-state.
3.6.3 SENS Sound Environment and Sound Sensor Verification
To verify implementation of the sound environment, a simple application with two nodes
was created. One node was fixed on a tile adjacent to a “wall” and continuously sent the
second node a packet followed by a beep. The receiving node extracted the intended
actuation time and calculated the sound delay once it sensed the beep. The distance
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between the nodes was varied and the delay data was extracted in order to produce Figure
24.
Sound propagation to the right of the wall is unobstructed, and thus the sound
delay values exactly match the expected behavior as shown in equation (19). Sound
propagating left through the wall is dampened and delayed approximately 18.8 ms as
specified by the SENS model.
𝑆𝑜𝑢𝑛𝑑𝐷𝑒𝑙𝑎𝑦 =

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒
𝑆𝑝𝑒𝑒𝑑𝑂𝑓𝑆𝑜𝑢𝑛𝑑

(19)

Importantly, this delay data is consistent with the specifications and simulation
results provided in the original paper [23].

3.7 Experimental Results
We simulated the SENS Sound Localization Application using the ATLeS-SN simulator
with the components described in Figure 14. The environment component was configured
to model a 60 by 60 meter area with two vertical walls bisecting the middle, and the
number of nodes per simulation was varied from 2 to 256 sensor nodes. As seen in Figure
25, the ATLeS-SN simulation platform required 0.635 seconds of real time to simulate
eight nodes for an hour of simulated time using a 4.2 GHz i5 processor. As the number of
nodes in the network increased, simulation time steadily increased with a network size of
128 nodes requiring up to 52 seconds and a size of 256 nodes requiring slightly less than
3 minutes to simulate.
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Figure 26: Distribution of energy consumed for non-anchor nodes to calculate their
location within the SENS Sound Localization Application for various node densities
We further used the ATLeS-SN simulation to evaluate the effects of node density
on energy consumption of for non-anchor nodes. Figure 26 presents the distribution of
total energy consumed for non-anchor nodes for four different node densities. The x-axis
denotes the total energy required for non-anchor nodes to successfully calculate their
location, and the y-axis corresponds to the percentage of all simulated nodes that fall
within a certain energy consumption category. In order to compare the energy required
for localization as the density of nodes within a 60 by 60 meter area changes, the figure
contains four different curves corresponding to simulations in which the average distance
to each node’s nearest neighbor is 6.5, 3.4, 1.2, and 0.18 meters. As expected, highly
populated environments facilitate localization and thus enable non-anchors to quickly
transition to anchors. This results in lower per-node energy consumptions because
remaining an anchor requires costly periodic packet transmissions. Consequently, the
curve corresponding to a distance of 0.18 meters shows that 90% of nodes consumed less
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than 10 Joules of energy. On the other hand, when the average distance between nearest
neighbors is 6.5 meters, 40% of nodes consume between 42.5 and 52.5 Joules. This
information can certainly aid in determining an optimal node configuration given energy
and performance constraints and is just one example of the potential insight an
application expert can glean via this simulator.
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CHAPTER 4
MODEL-DRIVEN OPTIMIZATION OF DATA-ADAPTABLE EMBEDDED
SYSTEMS

4.1 Overview
The previously presented dynamic profiling and optimization platform for sensor
networks enables application experts and developers to optimize application-specific
design metrics by dynamically adapting the underlying system configuration at the node
or application levels. However, the DPOP framework, as described, assumes static, but
configurable, task implementations. In this chapter, we apply our dynamic optimization
formalisms to a broader class of adaptable distributed embedded systems in which the set
of configurable parameters primarily consists of interchangeable task implementations.
Outside of sensor network applications, distributed embedded systems are also
used for a wide variety of sensing and decision applications characterized by their
consumption of vast data streams in formats such as video, audio, sensor readings, etc.
Examples of such applications include video tracking and surveillance [18][100][32],
flight planning of self-aware unmanned aerial vehicles (UAV) [5][58], structural health
monitoring [12], and others. The performance and operation modalities of these dynamic
data-driven applications are largely dependent on the availability and, importantly, the
quality of the incoming data. As these aspects of the data change at runtime, the
underlying application should adapt its configuration by implementing more suitable data
processing algorithms, or configuring data sensing devices in order to meet designer-
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specified performance and quality constraints. For example, a distributed video
tracking/detection application may need to dynamically switch to a more aggressive
video filtering algorithm in response to a detected decrease in the video data’s signal-tonoise (SNR) ratio in order to meet detection accuracy constraints.
Implementing

data-adaptable

embedded

systems

(DAES)

requires

new

methodologies and tools to support both design and synthesis. In this chapter, we
introduce a modeling language, called the Data-Adaptable System Model (DASM), that
facilitates design by enabling the designer to: 1) specify both an application’s task flow as
well as various possible implementations for each task; 2) define data types and data
quality requirements associated with the inputs and outputs of each task; 3) build a data
quality estimation framework used to estimate data qualities at the output of the system as
well as at the output of intermediate tasks; 4) define a set of processing elements (PE) and
associated communication delay models; and 5) utilize an efficient model-guided genetic
algorithm-based optimization framework to optimize and/or constrain application metrics
at runtime.
Additionally, the modeling tool is able to parse the designer-created model in
order to generate a sample version of the runtime estimation and optimization framework.
This estimation and optimization framework dynamically estimates data qualities and
other high-level metrics of interest in order to select an optimal (or near-optimal)
configuration of tasks. The modeling and optimization features of DASM are presented
via a sample video-based vehicle tracking and collision avoidance application.
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4.2 Previous Work
Previous research has levied model-based techniques for the optimization of
embedded systems. The MILAN [11] framework specializes in the design, simulation,
and synthesis of System On Chip (SoC) applications using model-based techniques.
MILAN enables designers to model application tasks and computational resources. For
each task, the designer can specify alternate specialized implementations (e.g., C, VHDL)
for each compatible resource along with a known latency or energy cost associated with
the implementation. The design space exploration (DSE) phase uses the aforementioned
models in conjunction with a performance and evaluation model to determine a set of
suitable task-to-resource mappings that meet performance and structural constraints.
Using a human-in-the-loop process, MILAN employs various simulations to verify
functionality and refine the latency and energy cost approximations associated with each
task mapping.
The Signal Processing Platform (SPP) tool-suite [69] provides a modeling
language called Signal Processing Modeling Language (SPML) that is specialized for the
design and synthesis of signal processing applications. Similar to MILAN, the SPP tool
supports modeling of tasks and computational resources, and searches the design space to
find a set of task-to-hardware mappings that meet resource and performance constraints.
However, the SPML only supports parameterized task models as opposed to alternative
implementations. The SPP and MILAN tools are design time tools and thus do not
support runtime optimization.
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The SPP and MILAN tools produce a set of task mappings based on known,
design time, performance characteristics associated with task hardware pairings. DAES
applications require additional runtime tools that can further customize task
implementations and mappings in response to varying data qualities, dynamic constraints,
and changing availability of computational resources. Additionally, designers often need
to evaluate system configurations using application-specific metrics in addition to the
power and latency measurements employed by SPP and MILAN.
The DARES project [57][82] models data configurability of application tasks
supporting the runtime reconfiguration of hardware accelerators implemented with an
FPGA. Unlike other approaches, the application model can be synthesized into a physical
device in order to enable runtime task allocation in order to optimize performance.
However, the DARES approach does not consider the specification or adaptability of the
algorithms themselves, only the type of data being processed.
Many data-driven applications, also known as Dynamic Data-Driven Application
Systems (DDDAS) [45][76][75][63][96], critically depend on the ability to evaluate the
quality of incoming data in order to perform the intended task. For example, Allaire et al.
[5] applies data-driven methods to the navigation of self-aware aerospace vehicles. The
automated vehicle must be able to determine the feasibility of the next required maneuver
given the vehicle’s current health and flight capabilities. Specifically, the vehicle must
employ a prediction task with the highest fidelity given the quality of the sensed data and
the amount of time until the maneuver is performed. Failure to select the correct task may
result in system failure.

119

Frew et al. [28] similarly uses this paradigm to optimize the flight path of a UAV,
exploiting wind field data in order to determine a flight path that conserves energy, and
thus extends mission duration. Wind field data can be extracted at runtime using a variety
of algorithms/resources, where the appropriate method depends on the set of available
resources and the required fidelity.
Bazilevs et al. [12] employ structural health monitoring sensors to monitor the
health of a wing or spinning blade composed of composite materials. This structural
health data is imported into a simulation of the wing/blade in order to calculate a stress
map. The control software uses the computed stress data to determine metrics of interest,
such as maximum blade deflection, vibration frequency, lifetime, and others. The control
software then searches the design space to find a suitable mode of operation for the
physical structure.
Autonomous vehicles comprise complex hardware and software subsystems that
must interact appropriately to achieve functional, performance, and safety goals. Lane
detection subsystems, such as those developed in [54] and [105], use sophisticated
modeling and image processing techniques to detect road markings and lane departure.
Adaptive cruise control subsystems may employ models for vehicle dynamics [72] or
machine-learning techniques [21] to intelligently adapt the vehicle’s speed or avoid
collisions [42][44][8]. Importantly, these subsystems must perform correctly over a wide
range of operating conditions. For example, changes in visibility or road conditions may
necessitate the use of more accurate algorithms while operation at higher vehicle speeds
may require faster, more reactive algorithms to meet safety constraints.
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Figure 27: (a) A DAES application achieves an initial latency and output data quality. (b)
A change in data size creates congestion between tasks B and D, increasing end-to-end
latency. (c) Consequently, a DAES application must be able to adapt task
implementations in order to account for data variability and optimize system
performance at runtime.
Importantly, these data-driven applications use dynamic characteristics of the
input and output data, along with changes in operating conditions, to dynamically
reconfigure the system’s algorithms, operating modes, or hardware. Dynamic changes in
input/output data typically occur on the order of seconds to minutes, and in response to
these changes, the runtime reconfiguration process must complete within milliseconds to
seconds.

4.3 Data-adaptable Approach
Designing data-adaptable systems necessitates incorporating system adaptability at
multiple levels. First, the system must be able to handle dynamic availability of data
inputs. For example, a vehicle tracking application that utilizes both video and GPS data
to track vehicles of interest may often encounter situations in which it is unable to
retrieve video or GPS data in remote areas. A data-adaptable approach should enable
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such an application to adequately deal with a degradation, or complete loss, of data
without unnecessary interruptions.
Second, a data-adaptable application must account for the availability of
computing resources in the case of distributed embedded applications. For example, an
autonomous vehicle system should ideally continue to function in the event that one or
more processing elements malfunction or become unavailable. Specifically, the
underlying task implementations should adapt to ensure continued operation at the
required level of fidelity based on the current set of available computing resources. Note
that although the DASM tool supports resource modeling that enables re-optimization in
response to changes with resource availability, this research does not consider
dynamically changing computational resources.
Figure 27(a) presents an example task flow of a generic DAES with two data
sources and four tasks. Triangles in the diagram represent the data sources (e.g., camera,
and GPS receiver), rounded rectangles represent the application tasks, and a circle
denotes the application’s final output. The arrows represent the data consumed and
produced by each task. This pedagogical application initially produces an output with a
latency of 30 milliseconds and a SNR of 25 dB. A change in input data size, as depicted
in Figure 27(b), leads to congestion in communication between Tasks B and D, resulting
in an increased end-to-end latency of 100 ms. A single static task implementation exhibits
different performance characteristics for varying execution scenarios and data qualities,
which may result in an unacceptable degradation in performance, as shown in Figure
27(b), or constraint violations that could lead to a system failure. The system in Figure
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Figure 28: Task flow modeling for a video-based vehicle tracking and collision avoidance
application. Modeling a DAES application requires specifying the end-to-end task flow, data
types, and available task options.
27(c) compensates for the decrease in latency by adapting the implementation of Task B
to one that can adequately process the new incoming data.
As illustrated by this example, designing data-adaptable systems requires a
detailed understanding of the end-to-end application. That is, a designer must understand
the variability in input data characteristics, and how this variability impacts a task’s or
even the entire application’s performance metrics. Additionally, the designer must be
able to apply this knowledge to produce a set of distinct task implementations that can be
interchanged in order to adapt to the aforementioned variability.
The complexities involved in designing data-adaptable systems in this fashion
necessitates the development of new methodologies and tools that elevate design to a
higher level of abstraction. For this reason, we introduce a modeling framework for
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designing data-adaptable systems that allows designers to model tasks, input and output
data types.

4.4 Data-adaptable System Modeling
We propose a data-adaptable system model (DASM), implemented as a domain-specific
model within the Generic Modeling Environment (GME) [95]. Our DASM is a high-level
design model that enables the specification and optimization of DAES using a domainspecific modeling language. System specification entails modeling all tasks, specifying
alternate task implementations for those tasks, and specifying the set of available PEs.
Optimization is the process of exploring the design space to select a unique
implementation for each task, along with a task to PE mapping and schedule, so that
designer performance constraints are met or optimized.
Figure 28 presents an example model for a video-based vehicle tracking and
collision avoidance application, which is utilized throughout this dissertation to illustrate
the proposed modeling and optimization methodology. This application analyzes video
images to detect lead vehicles, track their location, and determine the minimum traveling
distance (MTD) necessary to match the lead vehicle’s speed and avoid collision. The
MTD is compared to the current distance to the lead vehicle to determine the necessary
deceleration value.
Several object detection and tracking implementations in the literature
[18][100][32] explore specific task flows that vary from each other depending on the
tracking object and video characteristics. Given the potential variability in video data
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Figure 29. Illustration demonstrating collision avoidance by slowing down and matching
lead vehicle’s speed.

characteristics (e.g., frame size, SNR) and the wide variety of possible implementations
for common detection tasks [100], such an application is a suitable case study for the
DASM methodology.
4.4.1 Overview: Video-based Vehicle Tracking and Collision Avoidance Application
We utilize a video-based vehicle tracking and collision avoidance (VBVTCA) application
throughout the following Chapters in order to demonstrate DASM’s modeling and
runtime optimization capabilities. The VBVTCA application executes as a part of an
autonomous vehicle’s distributed embedded system network with the purpose of avoiding
collisions with vehicles traveling in the same lane as depicted in Figure 29.
Using video from a vehicle-mounted video camera, the VBVTCA application
analyzes incoming video frames to detect and track vehicles, hereafter referred to as lead
vehicles, in the same lane of travel. Once a lead vehicle has been detected and tracked,
the application estimates the lead vehicle’s relative position, speed, and acceleration. By
comparing the lead vehicle’s positional data to the autonomous vehicle’s own positional
data, the application calculates the necessary braking force and the resulting minimum
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traveling distance (MTD) necessary to match the lead vehicle’s speed and avoid a rearend collision.
4.4.2 Tasks and Data Types
A DASM consists of a set of connected tasks that define the task flow of an application.
Tasks are depicted as rounded rectangles and represent abstract processing routines that
consume and produce data types. For example, the object detection and tracking model in
Figure 28 contains a sequence of ten tasks: Video Capture, Downsampling (DS1),
Background Subtraction (BS), Downsampling (DS2), Morphological Filter (MF), Feature
Detection/Tracking (FDT), Inverse Perspective Mapping (IPM), Position Estimation (P),
Velocity Estimation (V), Acceleration Estimation (A), and Minimum Travel Distance
Calculation (MTDC).
A Data Type is a high-level type specifying a collection of individual data items
called Data Attributes. A data type is depicted as a rectangle with a folded corner. Data
types represent atomic units, or tokens, that are transferred between all tasks in the
model. Figure 28 describes two of the ten data types in the video-based vehicle tracking
and collision avoidance model: Downsampled Video, and Foreground Mask.
Attributes describe properties of their parent data types. The values of a data
type’s attributes are set by the task implementation producing the data type. We
distinguish between two types of attributes: Data Attributes (DA) and Evaluation
Attributes (EA). Data attributes are properties that describe a data type in an actual
implementation. For example, all video frames can be associated with width and height
attributes to specify the frame’s size. On the other hand, evaluation attributes are a
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product of the modeling framework and are used to evaluate task options for the purposes
of task flow optimization, such as latency, accuracy, etc. The latency EA accumulates the
execution latency for each task in order to estimate a final application latency. Accuracy
is a metric that relates the performance (i.e., precision and recall) of algorithms like
background subtraction or feature matching.
Although this application could potentially be decomposed into tasks of finer
granularity, we chose a subset that adequately describes the application’s most notable
components. The Downsampling task optionally lowers the input frame’s resolution for
downstream compatibility. The Background Subtraction task distinguishes foreground
objects from the background in order to create a foreground mask. The Morphological
Filtering task removes small, or noisy, foreground objects and uses connected-component
labeling to isolate individual objects in the foreground mask. The Feature Detection task
uses keypoint detectors to match objects between frames. The Inverse Perspective
Mapping task estimates the lead vehicle’s distance using known camera and scene
parameters, and the Position, Velocity, and Acceleration tasks use numerical integration
to estimate the lead vehicle’s kinematics with a certain degree of accuracy. Finally, the
Minimum Traveling Distance Calculation task calculates the MTD and compares it to the
lead vehicle’s current distance to avoid collision.
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Figure 30: Each Task contains Task Options that transform input data to output data.
Task Options optionally specify attribute guards to indicate the acceptable values for
each input attribute.
4.4.3 Task Options and Attribute Guards
A task may specify one or more implementations, known as Task Options. For example,
the background subtraction task in Figure 28 specifies three distinct task options:
Gaussian Mixture, Adaptive, and Single Gaussian. All task options for a particular task
must share the same input and output data types in order to ensure data type compatibility
with neighboring tasks.
Because each task option represents a specialized implementation of a task, the
designer may optionally choose to impose unique input data requirements for each task
option using a Data Attribute Guard. Figure 30 shows the available task options for the
Background Subtraction task along with pertinent data attribute guards, which are
visually represented as black vertical bars. Data attribute guards allow designers to
specify the range of data attribute values for which the task option is compatible.
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Figure 31: A Task Option consists of Data Attribute
Transforms and Evaluation Attribute Transforms.
A task option’s attribute guard may represent a restriction in functional
compatibility such that the task option is known not to work correctly for input data
attribute values outside the specified range. Alternatively, designers may choose to
employ domain knowledge in specifying attribute guards to limit the execution of a task
option to input DA values for which that task option is more suitable than other
implementations. For example, the attribute guard in Figure 30 for the Gaussian mixtures
task option specifies that input video frames should have a SNR in the range of 5 dB to
22 dB. While the Gaussian Mixture task option can theoretically execute for any values
of SNR, prior design experience indicates that the Gaussian Mixture task option only
shows significant performance (e.g., latency and F-measure) gains over other less
complex implementations (e.g., adaptive background subtraction) with noisier data
[32][13][74].
4.4.4 Data and Evaluation Attribute Transforms
A task option is an abstract representation of a particular algorithm or routine. From the
model’s perspective, a task option simply transforms an input data type (e.g., Video
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Figure 32: Example of a designer-specified Resource and Communication model
within DASM showing two devices, each with two processing elements, a memory
and intra-PE communication models. The inter-PE communication block models
communication between PEs on separate devices.
Frame) to an output data type (e.g., Downsampled Frame). A designer specifies the
semantics behind this transformation by using attribute transforms. As shown in Figure
31, a Data Attribute Transform (DAT) takes in one or more input data attributes and
determines the value of one, or more, data attributes belonging to the output data type.
Similarly, an Evaluation Attribute Transform (EAT) determines the value of one, or
more, evaluation attributes based on input evaluation attributes.
Attribute transforms are not necessarily implementations of the actual task option
algorithm, but instead are more likely simple routines or mathematical expressions that
quickly estimate the value of several attributes. For example, utilizing the results in [25]
and [60], the output SNR, in decibels, due to downsampling at a ratio of x can be roughly
estimated as:
𝑆𝑁𝑅𝑂𝑈𝑇 = 𝑆𝑁𝑅𝐼𝑁 + 20log(√𝑥)

(20)
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Likewise, the accuracy evaluation attribute can be estimated using a probabilistic
model [51], or by fitting an equation to empirical data from [64], as was done for this
model.
4.4.5 Computational Resource and Communication Delay
As the latency of a task is inexorably linked to the characteristics of the underlying
processing hardware, DASM supports the specification of computing devices, which
consist of processing elements and memory models, to enable the mapping of tasks to
various processing elements. Figure 32 shows a sample model consisting of two devices,
each with two processing elements and a memory.
The latency EATs specified for each task option correspond to a specific base
computing device. To determine the latency effects of mapping a task to a different
device, DASM calculates a set of scaling parameters that relate the speedup or slowdown associated with the new mapping. These scaling parameters are calculated from
designer-specified hardware parameters (e.g., frequency, average memory delay) and task
benchmarking results (e.g., average CPI, average miss rate.).
As shown in Figure 32, DASM also employs designer-specified inter-PE and
intra-PE communication models that approximate and abstract the communication delay
between devices (e.g., Ethernet communication) and the communication delay between
processing elements (e.g., bus and shared memory transactions) within the same device.
The designer specifies these communication models in a similar manner as an EAT, that
is, as an approximate algorithm that utilizes the size of input data to determine the
expected latency.
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4.5 Model-guided Optimization
A completed DASM encodes all possible task options for each of the application’s main
tasks and defines how each task option affects the quality of the application’s output and
intermediate data types. The optimization procedure evaluates each task option in order
to find a task option configuration and resource mapping that both optimizes a certain
data type attribute and satisfies any number of constraints.
The optimization framework allows a designer to mark any data attribute within
the model as the sole optimization variable or as a constraint variable that must exceed or
fall below a specified threshold value. For example, the application model presented in
Figure 28 can assign the final accuracy and latency data type attributes as the
optimization and constraint variables respectively. Therefore, the design space
exploration will explore the design space to find a task option configuration that yields
the optimal accuracy while ensuring that the final application latency is within a specified
range (e.g., less than 400 ms).
4.5.1 Design Space Exploration: Model-guided Genetic Algorithm
With the DAES approach, a novel model-guided genetic algorithm is employed to
explore the design space and optimize the system implementation. Genetic algorithms,
which explore the design space by combining and mutating portions of candidate
solutions, are well suited for problems in which each candidate solution has a genetic
representation. That is, each candidate solution can be represented as a set of properties,
in which each property can be assigned one of several possible values.
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A candidate solution for a DASM is a complete task option and resource mapping
assignment with the genetic representation:
𝐶𝑜𝑛𝑓𝑖𝑔 =< 𝑇1 , 𝑇2 , … , 𝑇𝑁 , 𝑀1 , 𝑀2 , 𝑀𝑁 >

(21),

where TN is a configurable variable for task N whose possible values include the task
options defined for that particular task, and MN is a configuration variable that represents
the mapping of task N to particular PE.
A standard genetic algorithm [81] functions by (1) generating a random initial
population of candidate solutions, (2) selecting parent solutions for crossover with a
probability proportional to their fitness, (3) crossing-over parents to generate a child
solution, (4) randomly mutating the child to promote variability in solutions, and (5)
repeating. Our standard genetic algorithm, which is used as a baseline for comparison to a
more sophisticated model-guided approach, operates in a similar manner. However, the
population generation stage repeats until all members of the initial population are valid.
A model-guided genetic algorithm, on the other hand, can leverage information
from the DASM to enhance several aspects of the genetic algorithm. Generating an initial
population by randomly selecting task options frequently results in invalid task option
configurations due to the compatibility constraints defined by the attribute guards. For
example, randomly selecting a task option in an upstream task could result in output data
that is incompatible with the attribute guard of the downstream task. However, by
utilizing the compatibility information defined in the model’s attribute guards during
population generation, the model-guided genetic algorithm can generate an initial
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population in which every individual is guaranteed to meet the aforementioned data to
task compatibility requirements.
The model-guided initial population generation (MGPG) algorithm traverses the
task flow graph in reverse order (i.e., from the end to the input data sources) using depthfirst search (DFS). At each task T, the algorithm determines the compatibility of each task
option T0 with the input data by inspecting the attribute guards. If a task option is
compatible, the task option is inserted into a valid task option list. Once all valid task
options for a task node have been considered, the algorithm randomly picks one task
option for that task node. Each complete search of the graph yields one individual for the
initial population. Therefore, the algorithm is repeated until enough task option
configurations have been generated.
A model-guided crossover (MGC) algorithm is also informed by the attribute
guards within the DASM to ensure generated offspring are valid. First, the algorithm
creates a list containing all possible crossover points. Next, the algorithm picks a random
crossover point from the list, generates a child using this crossover point, and returns the
child if it is valid. Otherwise, the algorithm removes the crossover point from the list and
repeats the process until a valid child is generated or the list becomes empty.
The mutation step is critical for promoting population diversity and thus avoiding
local minima. The implemented genetic algorithms use a mutation probability of 3%,
which corresponds to the smallest mutation rate necessary to find the optimal task option
configuration when using the standard genetic algorithm over a maximum of 500
generations. If a mutation operation does not result in a valid (i.e., compatible) task
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Table 7: Five optimization scenarios, each representing a specific vehicle speed
differential.
Scenario
Minimum
Maximum
Latency
Resolution
Speed
Speed
Constraint
Constraint
(mph)
(mph)
(s)
14
18
0.8467
≥ 352 x 288
1
24
32
0.7481
none
2
42
56
0.6184
none
3
50
66
0.5077
none
4
65
88
0.2348
none
5

option configuration, the model-guided mutation (MGM) algorithm does not perform the
mutation, whereas the standard genetic algorithm implementation performs the mutations
and sets the configuration’s fitness to zero.
Lastly, the modeling framework enables the designer to specify the genetic
algorithm’s fitness function as an additional EAT that transforms the optimization
attributes into a fitness score using simple mathematical equations. For our current
application, we consider the following fitness function for accuracy and a constraint for
latency.
𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑀𝑇𝐷𝐶

𝐿𝑎𝑡𝑒𝑛𝑐𝑦𝑆𝐶𝐻𝐸𝐷 < 𝐿𝑎𝑡𝑒𝑛𝑐𝑦𝐶𝑂𝑁𝑆𝑇𝑅𝐴𝐼𝑁𝑇

(22)

(23)

The fitness function for optimizing accuracy directly uses the accuracy value from the
last task, which approximates the accuracy of the MTD and is already a number between
0 and 100.
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Figure 33: (a) Accuracy score per each generation of the model-guided and standard
optimization genetic algorithms and (b) execution speedup for optimization scenario 1.
Similar data is presented for optimization scenario 5 in charts (c) and (d).
Note that LatencySCHED is the overall latency of the application considering the
latency accrued from each task’s latency EAT after mapping, the latency accrued from
communication delay modeling, and determination of a static task schedule on potentially
parallel PEs. In fact the LatencySCHED value is actually the period of the task schedule,
which is derived using a custom synchronous data flow (SDF) scheduling algorithm for
multiprocessors. For simplicity, the task scheduling algorithm assumes that tasks cannot
be interrupted until completion.
4.6 Experimental Results
In order to demonstrate the advantages of the model-guided approach, we executed the
design space exploration routine using both a standard genetic algorithm and the
presented model-guided genetic algorithm in five different optimization scenarios for the
video-based vehicle tracking and collision avoidance application.

136

Table 7 summarizes the five optimization scenarios. Since the relative speed of
the autonomous vehicle and surrounding traffic are expected to influence the
application’s end-to-end latency constraint, each scenario encapsulates a specific speed
differential encountered in typical driving scenarios. For example, scenario 1 corresponds
to a 15 mph school-zone in which the expected minimum, maximum and differential
speeds are 14, 18, and 4 mph, respectively. Scenario 5, on the other hand, corresponds to
a typical freeway driving scenario in which the expected difference in vehicle speed is 23
mph. Each scenario in Table 7 specifies the corresponding latency and resolution
constraints required for responsive and safe collision avoidance.
Figure 33 compares the performance of the model-guided and standard genetic
algorithms over optimization scenarios 1 and 5. Each optimization scenario in Figure 33
presents two plots: plots (a) and (b) correspond to scenario 1 and plots (b) and (c)
correspond to scenario 5. The plots on the left presents the best fitness score (averaged
over 100 runs) encountered during each generation of both genetic algorithms. The plot
on the right contains (i) a bar graph depicting the number of generations (averaged over
100 runs) required to find a solution within a certain percentage of the optimal solution,
and (ii) a trend line depicting the speedup of the model-guided genetic algorithm over its
standard genetic algorithm counterpart on a 4GHz Intel i5 processor.
Figure 33 (a) and (c) show that using a model-guided GA results in a better initial
population with an improved average fitness score of 18.5% and 23.3% respectively.
Additionally, the fitness of the solutions produced by the standard GA in scenario 5 never
converges to that of the model-guided GA. This is due to the fact that less task option
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Figure 34: Execution runtime of the model-guided GA for the optimization scenarios 1
and 5.
configurations are valid in the design space as the latency constraint becomes more
demanding.
The bar graph in Figure 33 (b) shows that the model-guided GA can reach a valid
configuration with a fitness score within 1% to 5% of the optimal with speedups ranging
from 1.2X to 6.5X respectively. Thus, although the model-guided GA finds all solutions
faster, it achieves even greater performance gains when searching for a configuration
farther from the optimal. However, the speedups presented in Figure 33 (d) are not
increasing with the required percent of optimality only because the standard GA failed to
find configurations within 1% to 3% of optimal until approximately the 1000th
generation, thus increasing the value of the first three speedup data points up to 26X.
Figure 34 presents the execution time for the model-guided GA in scenarios 1 and
5. For scenario 1, the model-guided GA’s runtime ranges from 1695 ms (62 generations)
at 1% of optimal to 82 ms (3 generations) at 5% of optimal. Similarly, the runtime for
scenario 5 ranges from 1449 ms (53 generations) at 1% of optimal to 246 ms (9
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Figure 35: Relative performance of the five selected configurations over the five
optimization scenarios. Each graph presents an optimization scenario showing the
percent deviation in latency, accuracy, and utilization of each configuration in
comparison to the optimal configuration. Video resolution violations are indicated
with the acronym RV, and latency constraints violations are indicated with an LV.
generations) at 5% of optimal. Compared to a brute force optimization algorithm, which
explores all 3402 possible task option configurations taking 5.7 seconds, the modelguided approach achieves a speedup of up to 544X. In that case, the model-guided GA
was able to find the target task option configuration in a single generation. The modelguided approach’s lowest observed speedup in comparison to the exhaustive algorithm
was 8.8X, in which case the model-guided GA was able to find a solution within 1% of
optimal in 62 generations.
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Notably, the model-guided approach achieves greater speedups when the
optimization requirement is relaxed, i.e., as the percent of optimal increases, making a
configuration which is around 5% of optimal a suitable design space exploration target.
The model-guided genetic algorithm is composed of smaller model-guided
operations, namely MGPG, MGC, and MGM. Over the five optimization scenarios, each
executed 100 times, the model-guided initial population generation was found to account
for a majority of the performance improvement of the model-guided GA. Specifically,
MGPG accounts for an average improvement of 76% over a standard GA. The MGC step
accounts for a lesser, yet still significant, average improvement of 22% over a standard
GA. In contrast, the MGM step within the GA account for only a 1-2% improvement. We
note that in applications or design spaces in which a higher mutation rate/probability is
required, model-guided mutation may show increased benefits.
To determine the quality of a task configuration in distinct driving scenarios, the
optimal task configuration for each optimization scenario was evaluated in all other
scenarios using the fitness criteria of the model-guided GA and designer-specified
constraints. Figure 35 presents the performance of each configuration and scenario pair,
where, for example, config 1 corresponds to the optimal task configuration for scenario 1
and so on. Each plot summarizes the relative performance of the non-optimal
configurations in comparison to the optimal configuration for a specific scenario. In
addition to the percentage increase or decreases in accuracy and latency values, we also
report the relative change in PE utilization for each configuration.
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For scenario 1, Figure 35 shows that both configuration 2 and 3 achieve reduced
latencies (i.e., -8.7% and -24.9% respectively) than the optimal configuration,
configuration 1, at the expense of decreased accuracy. Because the overall application
model is configured to optimize accuracy and only consider latency as a constraint that
must be met, configurations 2 and 3 are needlessly sacrificing accuracy for improved
latency. While configurations 2 and 3 were at least valid, configurations 4 and 5 can be
marked as invalid by the designer due to a failure to meet video resolution criteria, i.e., a
resolution violation (RV). In this example, configurations 4 and 5 utilize a low resolution
that are determined unsafe in the 15 mph school-zone represented by scenario 1.
In scenario 2, we can see that configuration 1, which is optimized with a more
lenient latency constraint of 846.7 ms, is also invalid due to a latency constraint violation
(LV). In fact two, three, and four of the configurations in scenarios 3, 4 and 5,
respectively, exhibit latency violations due to the increasingly stricter latency constraints.
The data in Figure 35 demonstrates that any single optimal configuration can be
found to be unacceptably suboptimal, invalid or even unsafe if utilized in other scenarios
for which the configuration was not optimized. Therefore, a single static configuration
specified at design time is not adequate for dynamic DAES applications, which are highly
susceptible to changing data and environmental characteristics. Instead, such applications
require dynamic runtime optimization as specified by DASM.
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CHAPTER 5
MODEL-BASED FUZZY LOGIC CLASSIFIER SYNTHESIS FOR
OPTIMIZATION OF DATA-ADAPTABLE EMBEDDED SYSTEMS

5.1 Overview
Determining the appropriate system adaptation in response to changes in data
characteristics or the application’s operational state is a complex task that requires a
thorough understanding of the relationship between an application’s tunable parameters,
such as algorithm or hardware configurations, and the high-level metrics representing the
performance goals. Further complicating matters, high-level metrics, such as latency and
energy consumption, are typically competing such that improving one metric may
negatively impact another. The increasing complexity and interdependence of these highlevel metrics and tunable parameters accordingly increase the difficulties associated with
the design and optimization of DAES applications.
To enable both the design and synthesis of runtime DAES applications in the face
of competing optimization metrics, we introduce an extension to the Data-Adaptable
System Model (DASM) formalisms described in Chapter 4. The proposed extensions to
DASM, which are based on the fuzzy logic based formalisms introduced in Section 2.3.2,
enable designers to: 1) specify the competing high-level metrics to be optimized; 2)
specify fuzzy-based fitness rules that capture the relative importance of each high-level
metric in determining overall system fitness; and 3) model the transforms that estimate
fuzzy classifications for each high-level metric at runtime. Using the designer-specified
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Figure 36: Defining models for the fitness estimation of a task option configuration
involves (a) specifying fuzzy metric classification functions that relate a raw metric
value to a fuzzy classification, and (b) specifying fuzzy design fitness rules that relate
the relative importance of each fuzzy high-level metric in determining the overall
system fitness.
models, DASM generates a prototype version of the runtime estimation and optimization
framework that determines an optimal, or near-optimal, task implementation
configuration given the specified fuzzy logic based optimization criteria.

5.2 Fuzzy Logic Based System Fitness Specification
5.2.1 Fuzzy Design Metric Classification
The extended DASM modeling environment allows developers of DAES applications to
model application-specific data types transferred throughout the various tasks. Any of the
evaluation attributes associated with these data types, including the application’s end-toend latency, can be denoted as high-level design metrics by the designer for optimization.
For the VBVTCA application in Figure 29, the accuracy and end-to-end latency
evaluation attributes associated with the data type output of the MTDC task are denoted
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as high-level metrics. Note that the accuracy metric represents the confidence level, as a
percentage, of the application’s MTD calculation.
The DASM modeling and optimization frameworks have been extended to use
fuzzy logic based formalism to interpret the fitness of individual high-level metrics and
the overall system performance. In comparison to other formalisms, such as weighted
piecewise linear functions, fuzzy logic allows designers to more intuitively specify
tradeoffs between competing metrics and optimization goals.
Converting a raw high-level metric value, such as a latency of 100ms, to a fuzzy
classification requires the specification of fuzzy metric classification functions. Figure
36(a) presents two example fuzzy metric classification functions that could be utilized for
the VBVTCA application for the classification of the latency and accuracy high-level
metrics.
A fuzzy metric classification function maps a raw metric value to one of four
discrete classifications. In increasing order of fitness, the four discrete classifications
include Unacceptable, Fair, Good, and Superior. For example, the latency classification
function in Figure 36(a) indicates that latencies between 0ms and 32ms are Superior,
latencies between 32ms and 200ms are Good, latencies between 200ms and 847ms are
only Fair, and latencies greater than 847ms are Unacceptable. Additionally, the y-axis of
fuzzy metric classification functions map a raw metric value to a percent membership
within a certain classification. The percent membership value indicates how
Unacceptable, Fair, Good, or Superior a metric is. For example, Figure 36(a) indicates
that a latency of 16ms is 50% Superior and that an accuracy of 80% is 50% Good.

144

Note that the percent membership of a metric within a discrete fuzzy classification
is defined using a linear function. Additionally, metric values that extend past the
specified Superior classification are mapped to 100% Superior. That is, percent
membership values cannot be greater than 100%.
5.2.2 Fuzzy Design Fitness Rules
To specify the relative importance of each high-level metric in determining the overall
system fitness, designers are tasked with specifying fuzzy design fitness rules within the
DASM modeling environment. Fuzzy design fitness rules are English sentences that map
the fuzzy classification of each metric to a single fuzzy classification that defines the
fitness of the overall system.
For example, Figure 36(b) presents four fuzzy design fitness rules for the
VBVTCA application. The first rule specifies that if the latency is Fair, Good, or
Superior, and the accuracy is Superior, then the overall system fitness is Superior.
Similarly, the last rule indicates that if latency is Unacceptable, the overall system fitness
is also Unacceptable regardless of the achieved accuracy. The designer must minimally
define a set of fuzzy design fitness rule that specify at least one Superior, Good, Fair, and
Unacceptable design. Note that if a two or more fuzzy design fitness rules overlap such
that the same set of metric classifications map to multiple fuzzy design fitness rules, only
the fuzzy design fitness rule resulting in the best system quality is utilized.
Designs mapped to an overall system fitness classification must be associated
with a percent membership value to enable comparisons between designs. DASM
calculates the percent membership value of a design within a certain fuzzy design fitness
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Figure 37. Example of fuzzy metric percent membership normalization for a fuzzy
design fitness rule that requires a latency that is Good, Fair, or Superior. A latency
membership value of 20% G is normalized to 40% for that rule.
rule i, which is denoted as %𝑀𝑒𝑚𝑏𝑒𝑟𝑠ℎ𝑖𝑝𝐹𝐹𝑅 𝑖 , according to equation (24). As an
example, a %𝑀𝑒𝑚𝑏𝑒𝑟𝑠ℎ𝑖𝑝𝐹𝐹𝑅1 value of 40% for the first fuzzy fitness rule in Figure
36(b) indicates that a design has an overall fitness of 40% Superior.
𝑁𝑢𝑚𝑀𝑒𝑡𝑟𝑖𝑐𝑠
𝑖

%𝑀𝑒𝑚𝑏𝑒𝑟𝑠ℎ𝑖𝑝𝐹𝐹𝑅 =

∑
𝑚=1

𝑚,𝑖
%𝑀𝑒𝑚𝑏𝑒𝑟𝑠ℎ𝑖𝑝𝑁𝑂𝑅𝑀
𝑁𝑢𝑚𝑀𝑒𝑡𝑟𝑖𝑐𝑠

(24)

Equation (24) calculates %𝑀𝑒𝑚𝑏𝑒𝑟𝑠ℎ𝑖𝑝𝐹𝐹𝑅 𝑖 of a set of fuzzy high-level metrics
for a specific fuzzy design fitness rule i by averaging the normalized percent membership
𝑚,𝑖
values, %𝑀𝑒𝑚𝑏𝑒𝑟𝑠ℎ𝑖𝑝𝑁𝑂𝑅𝑀
, of each high-level metric, where the superscript m

identifies

a

specific

high-level

metric.

As

shown

in

equation

(25),

the

𝑚,𝑖
%𝑀𝑒𝑚𝑏𝑒𝑟𝑠ℎ𝑖𝑝𝑁𝑂𝑅𝑀
value for each metric is a function of the metric’s percent

membership value within its fuzzy metric classification, i.e., %𝑀𝑒𝑚𝑏𝑒𝑟𝑠ℎ𝑖𝑝𝑚 , and the
metric’s classification requirements within the fuzzy design fitness rule i.
𝑚,𝑖
%𝑀𝑒𝑚𝑏𝑒𝑟𝑠ℎ𝑖𝑝𝑁𝑂𝑅𝑀

%𝑀𝑒𝑚𝑏𝑒𝑟𝑠ℎ𝑖𝑝𝑚 + 𝑂𝑓𝑓𝑠𝑒𝑡 𝑚,𝑖
=
𝑁𝑢𝑚𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑚,𝑖

(25)
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Figure 38. A Fuzzy Logic Classification Synthesizer model consists of classifier
attribute transforms, which synthesize a metric’s fuzzy metric classification function at
runtime based on the runtime values of evaluation attributes.
The 𝑁𝑢𝑚𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 𝑚,𝑖 value represents the number of classifications for metric m
in fuzzy design fitness rule i. For example, the 𝑁𝑢𝑚𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 value for the
latency metric for the first fuzzy design fitness rule in Figure 36(b) is 3. The value
𝑂𝑓𝑓𝑠𝑒𝑡 𝑚,𝑖 is a numerical representation of the metric m’s classification.
To better illustrate the metric normalization process of equation (25), Figure 37
illustrates the normalization of a latency metric that evaluates to 20% Good according to
its fuzzy metric classification function. Considering the first fuzzy design fitness rule in
Figure 36(b), the 𝑁𝑢𝑚𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 value is 3 and the Offset for latency is 100%.
This results in a normalized latency value of 40%.
In summary, DASM interprets a set of fuzzy metric classifications, such as a
latency and accuracy that are 20% Good and 50% Superior respectively, to an overall
design fitness such as 45% Superior.
5.2.3 Fuzzy Logic Classifier Synthesis
Fuzzy metric classification functions define the “goodness” of high-level metrics by
mapping a raw metric value to a fuzzy classification. However, given the dynamic nature

147

of DAES applications, a single static fuzzy metric classification function may fail to
accurately define the goodness of a certain high-level metric across all dynamic execution
scenarios.
For example, in the VBVTCA application the meaning of what constitutes a Fair
or Unacceptable end-to-end latency depends heavily on the relative speeds of nearby
vehicles. Specifically, the VBVTCA application must react much faster in a highway
setting than in school-zone, where the expected vehicle speeds are much slower.
Therefore, while an application latency value of 750ms may be classified as Fair in a
residential area, it may be Unacceptable in a highway scenario where waiting 750ms
between MTD calculations equates to more than 20 meters of uninformed, i.e., “blind”,
driving.
In general, dynamically changing data qualities and execution scenarios demand
adaptable fuzzy metric classifications. Therefore, DASM has been extended to support
runtime synthesis of fuzzy metric classification functions via the specification of a Fuzzy
Logic Classification Synthesizer (FLCS) model at design time.
A FLCS model, as shown in Figure 38, consists of several Classifier Attribute
Transforms (CAT), which transform data and evaluation attributes into a numerical
description of a fuzzy metric classification function. Specifically, a designer is tasked
with specifying a CAT for each high-level metric of interest. Similar to EATs and DATs,
a designer may specify a CAT as a simple mathematical equation, a look-up table, or as a
generic function. Note that each CAT produces four numbers, which correspond to the
classification boundaries in a fuzzy metric classification function. For example, the U/F
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Figure 39: Prototype of the DASM runtime optimization framework for the VBVTCA
application.
value for latency in Figure 38 corresponds to the Unacceptable-Fair classification
boundary for latency. The four classification boundary values are sufficient to reconstruct
a fuzzy metric classification function.
For the VBVTCA application, the FLCS model contains CATs for the latency and
accuracy metrics. These CATs utilize the EAs from the Position, Velocity, and
Acceleration tasks in order to synthesize fuzzy metric classification functions at runtime
based on the relative kinematic attributes of the vehicles. The latency CAT determines
the latency classification boundaries by first calculating the maximum tolerable latency,
𝐿𝑎𝑡𝑒𝑛𝑐𝑦𝑚𝑎𝑥 , necessary to safely calculate the MTD, and then assigning this maximum
latency value to the U/F boundary. The 𝐿𝑎𝑡𝑒𝑛𝑐𝑦𝑚𝑎𝑥 value is derived by using a simple
kinematic model of the autonomous and lead vehicles, in which 𝐿𝑎𝑡𝑒𝑛𝑐𝑦𝑚𝑎𝑥 corresponds
to the maximum application latency necessary to just barely match the lead vehicle’s
speed as the two vehicles come into contact.
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The other classification boundaries for latency were determined using a look-up
table. Similarly, the Accuracy CAT determines the accuracy fuzzy metric classification
boundaries using a look-up table indexed with the relative speed of the lead vehicle.
Although, more sophisticated models can be used in a physical implementation, the
aforementioned CAT models suitably convey the utility and functionality of the FLCS
model.
5.3 Runtime Model-guided Optimization
Based on the designer-specified models for an application’s task flow, task options, data
types, and fuzzy fitness specifications, the DASM tool supports the generation of a
prototype runtime optimization framework, which is presented in Figure 39 for the
VBVTCA application.
The DASM runtime optimization framework maintains a local model of the
application’s task flow in order to dynamically estimate evaluation attributes. At runtime,
the fuzzy metric classification functions for all high-level metrics are synthesized from
state information consisting of dynamically determined evaluation attribute values. The
DASM DSE algorithms use the resulting fuzzy metric classifications functions to search
the design space for an optimal or near-optimal system configuration of task options, T1
through TN, and task-to-PE mappings, M1 through MN, as specified by (26) and where N
indicates the number of tasks.
𝐶𝑜𝑛𝑓𝑖𝑔 =< 𝑇1 , 𝑇2 , … , 𝑇𝑁 , 𝑀1 , 𝑀2 , 𝑀𝑁 >

(26)

Notably, the DSE phase utilizes a model-guided genetic algorithm, as described in
Section 4.5.1, to explore and evaluate the design space. The model-guided genetic
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Table 8: Synthesized fuzzy metric classification functions for latency and accuracy over
five execution scenarios.
ΔSpeed
Scenario
(mph)
1
2
3
4
5

4
8
14
16
23

Latency Fuzzy Classification
Boundaries
U/F
F/G
G/S
S
847
200
32
0
749
200
32
0
619
200
32
0
508
200
32
0
235
200
32
0

Accuracy Fuzzy Classification
Boundaries
U/F
F/G
G/S
S
60%
70%
90%
100%
50%
60%
85%
100%
50%
60%
80%
100%
50%
60%
75%
100%
50%
60%
70%
100%

algorithm achieves performance improvements over a standard genetic algorithm by
utilizing the information from the designer-specified models to aggressively prune the
design space.
In a previous implementation of the model-guided GA, the fitness function for the
VBVTCA application was a simple piecewise linear function that used weights to define
the relative importance of the latency and accuracy high-level metrics. Additionally, the
raw end-to-end latency metric, which incorporates device scaling and scheduling, was
transformed using simple a linear function where a raw latency of 𝐿𝑎𝑡𝑒𝑛𝑐𝑦𝑚𝑎𝑥 mapped
to a value of zero and a raw latency of 30ms mapped to a value of 100.
For the DASM extension presented in this chapter, the model-guided GA was
revised to use the aforementioned fuzzy logic based formalisms for the evaluation of
configurations.
5.4 Experimental Results
In order to evaluate the benefits of model-guided fuzzy logic classification synthesis for
the optimization of DAES applications, we executed the prototype runtime optimization
framework for the VBVTCA application and selected the five dynamic execution
scenarios, which are presented in Table 8, for further analysis.
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Figure 40: Improvement in metric and overall system fitness due fuzzy logic based
optimization in comparison to piecewise weighted linear functions.
Each of the five execution scenarios is characterized by the detected speed
differential between the autonomous and lead vehicles. The first scenario, with a Δspeed
of 4 mph, represents a school-zone, while the fifth scenario, with a Δspeed of 23 mph,
could potentially represent a highway. As discussed in Section 5.2.3, the FLCS model
dynamically generates fuzzy metric classification functions based on the runtime value of
the EAs and the designer-specified CAT models. Table 8 additionally lists the
synthesized metric classification functions for each execution scenario using the fuzzy
design fitness rules specified in Figure 36.
First, we analyze the benefits of utilizing the presented fuzzy logic based
formalisms during DSE by comparing to the results obtained using piecewise linear
weighted functions. For each execution scenario, Figure 40 compares the fitness of
optimal configurations obtained using fuzzy logic based formalisms to the fitness of
optimal configurations obtained using a piecewise weighted linear function. For scenarios
1 thorough 4, the configurations obtained using fuzzy logic exhibit a moderate
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Figure 41: Relative performance of the non-optimal configurations over the five
optimization scenarios. Each graph presents an optimization scenario showing the
percent deviation in latency, accuracy, and utilization of each configuration in
comparison to the optimal configuration. Video resolution violations are indicated with
the acronym RV, and Unacceptable latency violations are indicated with an LV.
degradation in latency fitness in exchange for significant increases in accuracy and
overall system fitness. Note that both methods found the same optimal configuration in
scenario 5.
On average, the fuzzy based approach produced configurations that sacrificed
latency by 8.4%, but showed average improvements in accuracy and overall system
fitness of 25.7% and 67.3%, respectively. Importantly, although the fuzzy based approach
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produced “slower” configurations, these configurations still executed faster than the
limiting value of 𝐿𝑎𝑡𝑒𝑛𝑐𝑦𝑚𝑎𝑥 . The fuzzy based configurations still execute within the
application’s safety constraints, and additionally achieve significant increases in fitness.
Thus, it is evident that the fuzzy logic based formalisms more precisely characterize
latency as a constraint that must only be met, while accuracy is aggressively optimized.
To evaluate the benefits of dynamically adapting a system configuration instead
of using a single static configuration, we evaluated optimal configurations in scenarios
for which these configurations were not optimal. We first determined the optimal
configuration in each execution scenario described in Table 8. That is, configuration 1
denotes the optimal configuration for scenario 1, configuration 2 denotes the optimal
configuration for scenario 2, and so on. Then, we evaluated the fitness of each
configuration in the other scenarios as shown in Figure 41.
For scenario 1, configuration 2 exhibits degradations of 14.3%, 43.5%, and 69.4%
in latency, accuracy, and overall fitness, respectively. Because configuration 2 is optimal
for an execution scenario with similar fuzzy metric classification functions to those used
in scenario 1, configuration 2 does not exhibit as large a degradation as configuration 3,
which utilizes more lenient metric classification functions.
Note that configurations 4 and 5 in scenario 1 are shown as invalid due to
resolution violations (RV). In order to avoid Unacceptable latency classifications in their
respective execution scenarios, configurations 4 and 5 utilized an extremely low
resolution video to achieve faster latencies. Such low resolutions are deemed unsafe in a
school-zone.
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In scenario 2, configuration 1 is invalid due to an Unacceptable latency violation
(LV). In fact, configuration 1’s latency, which is just inside scenario 1’s Fair
classification boundary, is actually Unacceptable in all other scenarios. Similarly, all
non-optimal configurations in scenario 5 are also invalid due to the strictness of the
latency classification boundaries, which specify that latencies above 235ms are
Unacceptable.
In summary, the results in Figure 41 indicate that any single optimal configuration
can exhibit unacceptable degradations or even be classified as unacceptable over several
execution scenarios. Therefore, a single static point solution is inadequate for DAES
applications.
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CHAPTER 8
CONCLUSIONS

The proliferation of affordable computing devices has resulted in a large variety of
embedded systems applications, each with equally diverse requirements. The design and
implementation of performant embedded systems applications requires that application
experts and platform developers tune application composition and configuration at
various levels of the design. However, competing optimization goals and complex
interdependences between configurable parameters and design metrics complicate the
design and development processes. Additionally, the dynamic, and often unpredictable,
characteristics of the deployment environment, operating modes, and input data, further
complicate matters.
To address these design and optimization issues, the research presented within
this dissertation has produced models and, more importantly, methodologies for the
design and runtime, i.e., dynamic, optimization of embedded systems applications.
Importantly, the presented frameworks raise the level of abstraction, thus facilitating
design and synthesis for application experts and developers alike.
We presented a dynamic profiling and optimization platform for sensor-based
systems that enables application experts to easily customize a sensor network for a
particular application scenario without requiring extensive knowledge of, and experience
with, the underlying hardware implementation or communication protocols. This
optimization framework allows developers to characterize application requirements
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through high-level design metrics and fuzzy-logic inspired multi-objective function
optimization. Experimental results demonstrated that significant advantages are achieved
by dynamically optimizing the node configuration compared to statically optimized
configuration. Furthermore, for the applications considered, our online fuzzy-directed
optimization algorithm can efficiently find the optimal node configuration while
evaluating only a small fraction of the configuration space; thus enabling the possibility
of dynamically optimizing deployed sensor network applications. Additionally, we
presented several re-optimization evaluation algorithms that are capable of rapidly
evaluating if re-optimization is necessary given an updated application profile. This
methodology helps to ensure that the configuration can be rapidly adapted to changing
application behavior while avoiding the performance and energy overhead of
optimization if it is not required.
As a complementary tool for the design and optimization of sensor network
applications, we introduced the second iteration of the Arizona Transaction-level
Simulator for Sensor Networks (ATLeS-SN) that features a modular simulation
framework that allows developers to easily modify and refine specific components
without having to specify rigorous models across all levels. The simulator structure and
component composition have been refined in order to better elucidate functionality and
facilitate development. A set of accurate component models have been selected,
implemented, and validated via a judicious survey of sensor network literature
highlighting the most effective models. Additionally, the case study of the Acoustic
Ranging application adequately illustrates how the principles of transaction-level
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modeling facilitate both the design and implementation of new components. By varying
the number of nodes in the network, this case study also allowed us to measure the
scalability attainable when utilizing complex component models.
Importantly, this modular and easily extensible simulator can serve as a tool in the
development of estimation models for high-level design metrics. As the accuracy and
value of runtime optimization platforms depend on the fidelity of runtime design metric
estimation models, ATLeS-SN supports rapid prototyping and experimentation to allow
application experts to determine the relationships between complex interdependent
parameters.
Data-adaptable embedded systems encompass not only sensor networks but also a
growing class of embedded systems used for complex sensing and decision applications
that are characterized by their consumption of vast data streams. As data qualities and
operation modes vary at runtime, the underlying algorithms and models must too adapt to
ensure functionality at the desired level of fidelity. Using the lessons learned from work
with sensor network platforms, we presented a modeling and optimization methodology
that enables the specification and optimization of data-adaptable embedded systems.
Specifically, the presented modeling framework allows designers to construct models
specifying an application’s task flow, task options, and computational resources; the
input and output data types for each task; the compatible input values for each task
option; and the mathematical formalism used to transform input data attributes to output
data attributes. A model-guided genetic algorithm utilizes information encapsulated in the
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model to prune the design space of incompatible configurations, which results in both
faster and better optimization compared to standard genetic algorithm implementation.
We further developed a fuzzy logic based fitness specification framework for the
DASM modeling environment supporting the designation of multiple, potentially
competing, evaluation attributes as high-level metrics targetable for optimization. The
Fuzzy Logic Classification Synthesizer model enables runtime synthesis of fuzzy metric
classification functions, which map raw metric values to a fuzzy quality. Additionally,
the DASM modeling environment supports the specification of fuzzy design fitness rules
to define the relative importance of competing metrics when determining overall system
fitness.
Results indicate that using fuzzy logic based formalisms for optimization –
instead of previous piecewise linear function approaches – allows a designer to more
intuitively specify fitness models that can produce configurations that more faithfully
characterize the intended performance goals. Additionally, results continue to
demonstrate that static configurations may exhibit unacceptable performance
degradations under various execution scenarios, resulting in invalid and potentially
unsafe configurations, and reinforcing the need for runtime adaptability.

159

CHAPTER 9
FUTURE WORK
The re-optimization evaluation algorithms employed for sensor networks present various
alternatives for dynamically evaluating the need for system adaptation. Future work
should incorporate re-optimization evaluation algorithms into the DASM framework and
investigate methods for determining the opportunity costs associated with runtime
reconfiguration. Specifically, potential optimality gains resulting from runtime
reconfiguration should be weighed against configuration overheads to better understand
when to optimize. The profiling module currently implemented within DPOP enhances
the design metric estimation models with dynamic application activity. Future integration
of these dynamic profiling techniques within the DASM framework would further allow
for efficiently detecting when the current system composition is executing outside of the
intended performance, and triggering runtime re-optimization to update the system
composition in response. Additionally, runtime profiling would allow for runtime training
and refinement of designer-specified EATs.
The modeling capabilities of the DASM modeling language should be expanded
to broaden application support. The DASM currently only supports resource models for
shared-memory, multi-core processor organizations. Future work should continue to
investigate the resource modeling needs of DAES applications and implement the
necessary models to enable support for various classes of processing and communication
devices, including hardware-based processing elements. Revising the modeling

160

capabilities would necessarily require adapting the methods used for task scheduling and
latency scaling for task-to-PE mapping.
The fuzzy logic based formalisms currently employed for the specification of
design metric and system fitness enable accurate and intuitive characterization of
application goals in comparison to other approaches. However, future revisions of the
DASM modeling framework should support customizability in the specification of fuzzy
classification functions to better capture the inherent uncertainty in metric classification.
Specifically, the fuzzy classification functions should optionally support both fuzzy
classification overlap and the use of custom functions – not only linear functions – within
classifications.
Future work should also extend the DASM runtime optimization framework with
dynamic discovery of task options. Application experts utilizing the DASM framework
know the high-level task composition of their target application, but may be unfamiliar
with the characteristics or even the identity of specific task option implementations. By
providing a repository of common task option implementations, task option attribute
guards, and the necessary middleware to support dynamic discovery and synthesis, the
DASM framework would be able to dynamically determine the optimal system
configuration without requiring the explicit specification of task options within the
modeling language, thus, improving the accessibility of DASM to application experts.
To further explore the effectiveness and potential tradeoffs between the presented
algorithms and methods over long-term systems deployment, future work should
additionally emphasize experimentation on both physical and simulated platforms. The
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ATLeS-SN simulator currently supports models for the IRIS platform, and future work
involves expanding the provided library of components to adequately support evaluation
of the long-term performance and energy overhead/tradeoffs of these various
optimization methodologies across a larger variety of sensor network platforms.
Similarly, we are currently looking to implement the models developed for the videobased vehicle tracking and collision avoidance application within a simulation framework
for autonomous vehicles.
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