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Abstract—The need for advanced tools that provide efficient
design of on-demand deployment of wireless sensor networks
(WSN) is critical for meeting our nation’s demand for increased
intelligence, reconnaissance, and surveillance. For practical appli-
cations, WSN deployments can be time consuming and error prone
since they have the utmost challenge of guaranteeing connectivity
and proper area coverage upon deployment. This creates an unmet
demand for decision-support systems that help manage this com-
plex process. This paper presents research to develop a system for
predicting optimal deployments of WSN. Specifically, it presents
results of image processing algorithms for terrain classification,
results of modeling WSN signal propagation under different ter-
rain conditions, results of optimization and visualization tech-
niques for high-dimensional deployments, and system architecture
for efficient integration and future deployment. Results show a
feasible approach that can be used to automatically determine
areas of high signal obstruction—which is essential to estimate
obstruction parameters in simulations—and mapping of accurate
WSN path-loss models to enhance the overall decision-making
process during predeployment of large-scale WSN.

Index Terms—Decision-making, image processing, machine
learning, modeling and simulation, radio frequency (RF) propa-
gation, systems engineering, wireless sensor networks (WSNs).

I. INTRODUCTION

W IRELESS sensor network (WSN) technology provides
the capability for establishing communication and sens-

ing infrastructures in areas where otherwise would be impracti-
cal or impossible. In these environments, WSN can be deployed
to provide autonomous monitoring of physical events, where
each node in the network senses the environment and commu-
nicates results back (in a multihop fashion) to a collection node,
also referred to as the information sink. Once data reach the
sink, it can be relayed to a central location, across remote sites,
where it is processed, analyzed, and used for such important
tasks as knowledge representation, information extraction, and
model-based prediction of some physical phenomena.
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WSN technology has been proposed for different applica-
tions, including disaster relief, environmental monitoring and
control, and defense applications, to name a few. In applications
that deal with disaster relief, WSN can be deployed on-demand
in situations (such as Hurricane Katrina or 911) to find survivors
and help during rescue missions. In applications that deal with
environmental monitoring and control, WSN can be deployed
to help correct catastrophes such as the gulf coast oil leak in
2010. Similarly, WSN can be deployed to monitor extreme
weather conditions (such as hurricanes) to help understand
their impact on man-made structures and increase the safety
of such structures during the engineering phase [1]. In de-
fense applications, WSN can be deployed in the battlefield to
obtain strategic knowledge or to replace land-mine systems,
both having the potential to reduce loss of human life. In
all of these deployment scenarios, WSN technology provides
an on-demand monitoring and communication infrastructure
in areas where human obstruction is undesired or in areas
where human presence is impossible. Similarly to these ex-
amples, WSN technology has been proposed for many other
applications where their use has significant contribution to the
scientific, environmental, defense, etc., communities. As the
demand for increased coverage and sensing increase, so will
the complexity of network deployments. This creates an unmet
demand for accurate models and decision-making tools for
assisting during the design and deployment of such complex
systems. Advancements in these areas are expected to signifi-
cantly contribute to the adoption of WSN technology in large-
scale deployment scenarios and create opportunities for future
applications.

The need for advanced tools that provide efficient design
and planning of on-demand deployment of WSN is critical for
meeting our nation’s demand for increased intelligence, recon-
naissance, and surveillance in numerous safety-critical applica-
tions. To this end, the work in [2] presented a framework for
modeling and optimization of WSN deployments that provides
a holistic view of deployment performance based on multiple
parameters of importance. However, the framework does not
provide accurate characterization of WSN signal propagation
on various terrains. To achieve accurate decision support, both
automatic classification of terrains and accurate prediction of
signal propagation (for a particular terrain) need to be in place.
In [3], the authors presented a machine learning algorithm
for automatic terrain classification, which supports the frame-
work presented in [2]. However, accurate prediction of signal
propagation in WSN continues to be a problem since most
models were originally developed to provide signal prediction
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in traditional high-power wireless systems such as satellite and
personal communication systems. Using such models would
result in predictions that could drastically deviate from the
actual WSN performance after deployment. This paper extends
the work presented in [2] and [3] to create an analytics platform
that supports intelligent decision-making during deployments
of WSN and to provide the appropriate signal propagation mod-
els required for automatically predicting WSN performance
using the terrains presented in [3].

The remainder of this paper is organized as follows.
Section II presents relevant background work that frames the
deployment problem and serves as motivation for the work
presented in future sections. Section III presents the system
architecture, which comprises a representational state transfer
(REST) architectural style that incorporates other well-known
architectural styles and patterns to support service orientation
and distributed computing. Section IV presents the terrain clas-
sification process, which includes processing deployment im-
ages into patches, which are further individually classified using
a trained support vector machine (SVM). Section V presents the
results of initial data collection and creation of WSN-specific
radio frequency (RF) propagation models, which are fused with
knowledge extracted from the terrain classification component
during the optimization and visualization process for decision-
making, which is presented in Section VI. Finally, Section VII
summarizes results and provides avenues for future work.

II. BACKGROUND WORK

A significant problem exists when translating much of the
existing WSN deployment research literature into practical ap-
plications, where the use of overly simplistic environmental and
network assumptions are justified in laboratory environments,
but grossly inadequate for decision-making in “real-world”
applications. This is made evident by recent active funding
opportunities by the National Science Foundation (NSF) and
the Office of Naval Research (ONR). Actively, the NSF is
seeking research projects on “methodologies and tools for the
design and analysis, deployment, operation and management
of robust and highly dependable cellular and hybrid, mobile
ad-hoc, vehicular, mesh, sensor, and body area networks.”
[4] Similarly, the ONR is actively supporting research and
development of “modeling environments capable of optimizing
the placement of available sensors within an area of interest
to achieve persistent surveillance.” [5] For practical applica-
tions, WSN deployments can be time consuming and error
prone since they have the utmost challenge of guaranteeing
connectivity and proper area coverage upon deployment. Un-
realistic conditions under much of the research literature are
executed render these approaches impractical for decision-
making in the field. Systems engineering issues such as the
integration of practical deployment effects and conditions, in-
cluding terrain-driven deployment topology, node failure rate,
node energy consumption, node positioning, target mobility,
network coverage, connectivity, lifetime, and other effects, are
rarely considered cohesively and incorporated as one system for
efficiently evaluating performance and optimization of WSN
deployments.

Development of simulation models, tools, optimization algo-
rithms, and practical considerations for the deployment prob-
lem have been the topic of recent research [6]–[14]. It is well
understood that for any deployment technique to be effective
in practice, it must incorporate a systems approach, where
practical deployment conditions and metrics are considered [2].
For example, in [8], the authors presented the “development of a
WSN design and optimization software tool for planning WSN
deployment for indoor building energy management.” The tool
leverages building information models to extract environment
description information that is necessary for parameter tuning
and performance modeling. In a similar fashion, decision-
making tools for outdoor deployment of WSN can leverage
terrain information for RF model selection and parameter fine-
tuning (e.g., internode distance estimation, transmission power,
and number of nodes) to increase the quality of results. Terrain
information provides crucial insight into the WSN deployment
problem, which includes the following goals [6]: 1) maximize
network connectivity; 2) maximize network coverage; 3) maxi-
mize network lifetime; and 4) minimize deployment cost. There
are several challenging issues involved when evaluating perfor-
mance and optimizing deployments based on these goals. For
example, reducing installation cost is attained by minimizing
the number of nodes deployed in a given WSN. However, en-
suring connectivity may require a high number of nodes. Higher
density systems provide a greater number of independent mea-
surements and ability to put nodes to sleep for long periods
to extend network lifetime [15]. However, higher density of
nodes increases network cost. An alternative solution consists
of deploying fewer nodes while transmitting over longer dis-
tances to ensure network connectivity. This approach minimizes
cost at the expense of network lifetime, since transmission
power increases with distance. Methods for estimating distance
between nodes—or the distribution of Euclidean distances be-
tween nodes—are regarded as versatile tools for parameter
tuning and performance modeling in WSN [9]; however, they
are insufficient since transmission power is also a function of
terrain properties. That is, in most practical applications, the
received signal strength for the same transmission distance will
be different [16]. This variation of the path loss due to location
can be modeled with an equation in a form given by [6]

Lp = L0 + 10α log10(d/d0) +X (1)

where α is referred to as the path-loss exponent, L0 is referred
to as the reference distance intercept, d is the distance between
the transmitter and the receiver, d0 is the reference distance,
and X is a zero-mean Gaussian random variable capturing the
difference between the actual path loss and the one predicted by
the model. The lognormal shadowing in (1) models the impact
of vegetation, foliage, etc., through different values of the path-
loss exponent and intercept. However, parameter estimation
requires integration of measured calibration data. Even then,
the results may not be very accurate in highly irregular deploy-
ments, where the proximity of diverse conditions for signal
propagation may be adjacent to each other and is hard to differ-
entiate. In these situations, parameter estimation for modeling
terrain obstruction may result in overly optimistic or pessimistic
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results, causing characterizations or predictions to deviate from
the true performance of the WSN once deployed. Similarly
to the lognormal shadowing model, other models have been
proposed to take advantage of a priori knowledge of terrains
to support the deployment process. For example, in [12], the
authors presented a model for WSN deployment that takes into
account the scattering effect of the surrounding foliage on the
wireless signal. Their results show that if the density of the
surrounding foliage is known, the number of nodes and their lo-
cation parameters can be fine-tuned to guarantee reliable radio
communications. In [11], the authors provided evidence of the
importance of having prior knowledge about the terrain in WSN
deployments and provided recommendations for evaluating
predeployment performance under certain terrain conditions.
In [13], the authors highlighted the importance of predicting
the effects of vegetation on the quality of wireless services and
evaluated vegetation attenuation models for application in WSN
planning and deployment in precision agriculture. In all of these
cases, prior knowledge of obstructions and terrain properties
provides significant improvements in the performance evalua-
tion and optimization of WSN deployment process. Therefore,
there is a need for automated methods for terrain classification
that can be employed during simulation and predeployment
planning to enable seamless extraction of valuable information
(with high accuracy) for fine-tuning models and simulations
and improve the quality of results. In [17], a framework for
creating such system was introduced, and steps were identified
to improve the quality of results, which included, among
others, the development of a terrain classification engine for
identifying varied terrains, obstacles, and other artifacts that
affect RF signal propagation; development of WSN RF signal
propagation models to be used accurately depending on terrain;
and development of a system that supports decision-making.

III. SYSTEM’S ARCHITECTURE

The decision-support system is modeled using the Unified
Modeling Language (UML) to specify a system of systems,
where multiple, dispersed, and independent systems interoper-
ate to form a larger, more complex system. To support this, the
overall architecture is designed using the REST architectural
style, which (implicitly) includes other important architectural
styles and patterns that support service orientation and dis-
tributed computing. The distribution of architectural compo-
nents is best documented by the client–server architectural
pattern, which includes two major components: a server compo-
nent and a client component. To increase flexibility, the server
component is deployed as one or more web services, with each
service providing its services using a REST-style interface so
that clients can initiate requests to servers, servers process these
requests, and return appropriate responses. This allows multiple
services to be deployed in different locations across geographi-
cal sites. The initial system’s capabilities include (replaceable)
components that provide services for deployment configuration,
deployment simulation and optimization, analysis via statistics,
and performance visualization. The client is composed of an
HTML5 interface that can be used by analysts to access the
server’s services in a distributed fashion.

Fig. 1. System’s use case model. Each use case can include other use cases to
represents a single repeatable interaction that analysts experience when using
the system.

A. Use Case Model

The Use Case model presents key system’s functionality
using UML Use Cases. Each Use Case represents a single
repeatable interaction that analysts experience when using the
system. As a technique for eliciting system’s requirements, Use
Cases typically include one or more “scenarios” that describe
the interactions that go on between the Actor and the System
and document the results and exceptions that occur from the
user’s perspective. The major use cases identified for initial
development of the system are presented in Fig. 1. As shown,
Analysts interact with the system to configure WSN deploy-
ments, carry out a virtual deployment, optimize deployments,
display statistics, as well as provide visual representation of
network performance.

B. Physical/Deployment Model

The physical view of the system represents the physical
or deployment aspects, where the main elements of analysis
are nodes, connections between nodes, and the mapping of
software artifacts to nodes. Physical machines, devices, and
processors are reflected as nodes, and the internal construction
is depicted by embedding artifacts, which are binary entities
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Fig. 2. Portion of the system’s physical architecture. Physical devices are
reflected as nodes, where artifacts, such as executables, jar files, etc., are
allocated to model the system’s run-time configuration. The � manifest �
relationship is used to connect physical and logical architectures.

depicted by a box with a file icon in the upper right corner.
Artifacts, such as executables, jar files, etc., are allocated
to nodes to model the system’s run-time configuration. The
physical view focuses on modeling of elements that directly
affect quality requirements, such as availability, performance,
and scalability [18]. In this case, availability is addressed via
server redundancy (not depicted for simplicity), which requires
downstream design and development to think about techniques
for identifying faults and swapping between primary and re-
dundant server nodes when necessary to support the system’s
availability. Performance is mainly addressed by selection of
appropriate server hardware to support throughput and other
computational requirements to be specified. A simplified view
of the deployment model is presented in Fig. 2. As shown, the
server computer hosts the web services responsible for the over-
all processing and optimization of deployment strategies. For
simplicity, Fig. 2 depicts one analytics service, hosted by one
server; however, multiple services can be deployed on multiple
computers, collaborating as part of the system. The physical
model also shows how binary artifacts are mapped to hardware
components and how logical components are manifested by
these artifacts, providing full mapping between the physical
(i.e., hardware) and logical (i.e., software) design.

C. Logical Model

The logical view of the software system is used to decompose
systems into logical components that represent the structural
integrity that supports functional and nonfunctional require-
ments. Using this view, the static structure of the system can
be modeled using UML component diagrams to decompose,
abstract, and encapsulate the services that the system needs
to provide to its users. By using these diagrams, the major
components, their interfaces, and their associations with all
other components are identified. Architectural logical designs
exist at a higher level of abstraction and provide the building

Fig. 3. Portion of the systems’ logical architecture. Each component repre-
sents an abstraction of a major system function. Components use well-defined
interfaces to interface with other components, which makes them replaceable
within their environment.

blocks for further detailed design and construction. They also
present the main interfaces between components—these are
referred to as stable interfaces since they expose the main
functions provided by each component while hiding the details
of their implementation. Stable interfaces are necessary for
increasing the extensibility of the system. When using stable
interfaces, each component can be replaced with another com-
ponent that provides similar or enhanced functionality but equal
interface. The main logical design for the system is presented
in Fig. 3.

The Service Manager (SM) encapsulates the behavior nec-
essary to support the REST architectural style and is further
decomposed into detailed designs to provide behavior for pro-
cessing clients’ requests and providing appropriate responses.
The SM uses a stable interface provided by the Orchestrator
Component (OC), which is the main component responsible
for managing all computation that occurs at the server. The OC
uses stable interfaces provided by the Terrain Classification, RF
Signal Predictor, and Decision Support components to carry out
the required analytics services to optimize WSN deployments.
By using stable interfaces, all complexities associated with each
component are encapsulated, therefore allowing each compo-
nent to be replaceable, and allowing new features to be added
as extension, instead of modification of the existing code.

IV. TERRAIN CLASSIFICATION COMPONENT

Broadly, terrain classification is part of the larger image
analysis methodologies that address image segmentation. Seg-
mentation strategies [19] range from pixel to region based
and from completely unsupervised to those that incorporate
machine learning approaches for supervised solutions. Our
approach parses a given image into patches, and then, each of
the patches is individually classified using a trained SVM. The
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Fig. 4. Unit direction for neighboring pixels.

state-of-the-art classification performances we detail are
achieved using a unique combination of features that leverage
color-based texture information from the image patches. In the
sequel, we present our feature extraction solution and subse-
quent training and testing of the SVM classification algorithm.

A. Color Co-Occurrence Features

Color and texture information play a prominent role in image
terrain classification. An ideal mechanism for capturing texture-
based image content is a co-occurrence matrix and the associ-
ated features one can derive from it. Co-occurrence matrices
encode the frequencies for all pairs of pixels that are extracted
from the images. When applied to color images, which are
composed of individual red, green, and blue (RGB) bands, co-
occurrence matrices can be designed to utilize the information
from the multiple color bands [20]. There have been several
uses of co-occurrence matrices for terrain segmentation [21],
[22], as well as other objects [23]; however, to our knowledge,
the combination of color co-occurrence matrices with our su-
pervised SVM approach is novel. Given an image I of size
n× n, the co-occurrence matrix A can be defined as [24]

A(i, j) =
n∑

x=1

n∑
y=1

⎧⎨
⎩

1, if I(x, y) = i and
I(x+Δx, y +Δy) = j

0, otherwise
(2)

where (Δx,Δy) is the offset specifying the distance between
the pixel and the neighbor of interest. In addition, (Δx,Δy)
used are the unit distances in all directions of each pixel, i.e.,
(Δx, Δy) = {(0, 1), (1, 0), (1,−1), (−1, 1), (0,−1), (−1, 0),
(1, 1), (−1,−1)} (see Fig. 4).

In [20], the authors modified the standard gray-scale co-
occurrence matrix to jointly use color and texture by computing
six different co-occurrence matrices on an RGB image. We
adopt this approach, which yields the following co-occurrence
matrices: the same-band co-occurrence matrices (R, R), (G, G),
and (B, B), as well as the correlation between different bands
(R, G), (R, B), and (G, B). In the implementation, a two-band
image is used to compute pairwise combinations of intensities.
The image is now an n× n× 2 matrix, the first band can be
referred to as the center pixel image, and the second band can
be considered as the neighbor pixel image. The combinations
of color bands given above were used in this scheme. For
example, an (R, R) co-occurrence matrix will have the red
component of the RGB image as both the center pixel image

and the neighbor pixel image, and an (R, G) co-occurrence
matrix will have the red component as the center pixel image,
whereas the green component will be the neighbor pixel image.
To compute the co-occurrence matrix, a pixel is taken from the
center pixel image, and its corresponding index is found in the
neighbor pixel image. Next, the eight neighbors surrounding
that corresponding pixel are used to compute the pairwise
intensity count. A pairwise combination is composed of the
intensity of the center pixel in relation to the intensity of one of
its eight nearest neighbors. The number of reoccurring pairwise
intensity combinations is captured in the co-occurrence matrix.
The range of the image intensities of 0–255 can be linearly
scaled to form the indices of the co-occurrence matrices, which
are dependent on the number of bins m of the co-occurrence
matrix. Scaling the intensities has a minimal effect on capturing
the pairwise pixel patterns; hence, we reduce from 256 gray
tones to 32 gray tones when computing our co-occurrence ma-
trices. In general, the co-occurrence matrix is square with size
equal to the number of bins. When the co-occurrence matrix
is formed using the same color band of the original image, a
symmetric matrix is obtained. This is not the case for the differ-
ent color band combinations, but their co-occurrence matrices
are equal to the transpose of the opposite combinations, i.e.,
A(R,G) = AT

(R,G); thus, we use only one of these co-occurrence
matrices.

Once we obtain these different color co-occurrence matrices,
they are then used to compute features known as the Haralick
features [25]. There are a total of 14 Haralick features, such as
Angular Second Moment, Inverse Different Moment, Variance,
etc., but we chose to use the five most popular on the six
co-occurrence matrices, which gives us a total of 30 features
per image. These features are believed to encode sufficient
information about the local pixel variations and give good
results in classification. The features are

Energy :

n∑
i=1

n∑
j=1

p(i, j)2 (3)

Entropy :

n∑
i=1

n∑
j=1

p(i, j) log p(i, j) (4)

Contrast :
1

(n− 1)2

n∑
i=1

n∑
j=1

(i− j)2p(i, j) (5)

Correlation :

n∑
i=1

n∑
j=1

(i− μi)(j − μj)p(i− j)

σiσj
(6)

where μi, μj , σi, and σj are the means and standard deviation

Homogeneity :

n∑
i=1

n∑
j=1

p(i, j)

1 + (i− j)2
(7)

where p(i, j) is the normalized co-occurrence matrix, i.e.,

p(i, j) =
A(i, j)

total # of pixels used
.
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Fig. 5. Checkerboard image

B. Experimental Results

Our present focus is to address an important two-class classi-
fication problem instead of the more general multiple terrain
categorization. The two classes of interest are if the terrain
contains sparse vegetation (closely resembling bare earth) or
if, instead, it consists of heavy vegetation (forests, dense shrub-
bery, etc.). By automatically identifying bare-earth regions, our
WSN deployment regions can be restricted to only those areas
that satisfy a desired minimum spatial resolution and geometry.
This classification can be executed on grouped pixels by divid-
ing the images into square patches, calculating the six different
co-occurrence matrices on those patches, and then computing
the five features for each of the six co-occurrence matrices.
Now, each patch is represented by a vector of 30 features.
An SVM, considered among the state-of-the-art supervised
machine learning algorithms, is used to classify these patches.
The SVM must be trained using exemplar image patches that
are reflective of categories of interest, in this case bare earth or
not. Since we are working with patches, we divide the images
of interest using the checkerboard pattern, as shown in Fig. 5,
which allows us to split them into training and testing data.

For verification purposes, all patches are manually labeled.
The training data, computed from the co-occurrence matrices
of each patch, are used to train the SVM that builds a learning
model capable of labeling patches as bare earth or not. The
fitted SVM is then tested using the exemplars (patches) not used
in the training to assess its generalization performance. The
training exemplars can be also classified to test the fit. Since we
know the true labels of all patches, we can compare the assigned
labels with the true labels to compute a variety of performance
metrics, e.g., precision and recall.

Fig. 6, shows two examples of our results, where the images
on the left are the true images and the images on the right are
classified using our SVM trained on co-occurrence features.
The cyan squares are the true labels, the yellow squares are
the false negatives, i.e., the SVM classified the patch as not
bare earth when it actually was, and the red squares are false
positives, i.e., the SVM classified them as bare earth when in
fact they were not. The confusion matrix presented in Table I
summarizes the actual and predicted classifications of the SVM.
The confusion matrix gives information on the patches that
were correctly classified, falsely positive, and falsely negatives.

Fig. 6. (Left) True images. (Right) SVM-classified images. (Blue squares)
Correct classification. (Yellow squares) False negatives. (Red squares) False
positives.

TABLE I
CONFUSION MATRIX

For better clarification on the significance of these numbers, we
compute the precision and recall of our data.

The precision p measures the accuracy of our classifier as
a ratio of the true bare-earth labels to the total true and false
bare-earth classification. The recall r measures the sensitivity
of our classifier to bare-earth patches in all the data (bare earth
and not). The data were tested on 3072 patches extracted from
several terrain images. Computing the precision and recall,
we get p = 0.945 and r = 0.987. Our results clearly indicate
the validity of our terrain classification approach—leveraging
color and texture features as encoded by co-occurrence matrices
and combined with an SVM for automatic classification of
image patches. Once the terrain classification is specified, the
WSN deployment can be readily tailored to utilize only those
regions that satisfy spatial and geometric constraints. These can
be derived based on the various performance metrics such as
interference and path loss.

V. RF SIGNAL PREDICTOR COMPONENT

The RF signal predictor component is responsible for char-
acterizing the RF propagation behavior in various outdoor
deployment terrains identified by the Terrain Classification
component. Here, the results of data collection and experimen-
tation of two physical WSN deployments are presented. The
first experiment was carried out in an unobstructed long-grass
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Fig. 7. (Left) Unobstructed long-grass field. (Right) Sparse-tree field.

TABLE II
PATH-LOSS RESULTS FOR THE TWO ENVIRONMENTS

Fig. 8. Path-loss readings for a long-grass environment.

Fig. 9. Path-loss readings for a sparse-tree environment.

field, whereas the second experiment was carried out in a
sparse-tree environment. In unobstructed fields, path loss is
observed in different terrains (i.e., short grass, long grass,
concrete, artificial turf, etc.), whereas in the tree-obstructed
scenario, environments are classified on the basis of the density
of trees (e.g., sparse and dense trees). The deployment terrains
used for experimentation of both unobstructed and sparse-tree-
obstructed environments are presented in Fig. 7.

The path-loss results obtained for these two fields are pre-
sented in Table II. The path-loss readings were collected at eight
different distances (i.e., 5, 10, 15, 20, 25, 30, 35, and 40 m) and
along 16 different 22.5◦ separated radials.

Using the path-loss data collected, linear (log–distance path
loss) models were created to predict path loss for both long-
grass and sparse-tree environments, as shown in Figs. 8 and 9,
respectively. From these figures, a relatively good fit can be seen

TABLE III
PATH-LOSS MODELS FOR THE TWO ENVIRONMENTS

between the log–distance path-loss models and the obtained
measurements. However, this is only true when the environ-
ment is relatively uniform. Across different environments, both
the path-loss exponent α and the reference distance intercept
L0 change. Therefore, to accurately predict path loss across
diverse environments, the terrain classification is a necessary
first step.

Table III summarizes the model parameters for the two en-
vironments along with the standard deviation of the prediction
error.

VI. DECISION-SUPPORT COMPONENT

The decision-support component encapsulates the details of
a collection of complex analytics and optimization algorithms
required for supporting intelligent decision support for planning
WSN deployments. It includes capabilities for generating pre-
dictive analytics models derived from simulated deployments
for analysis and optimization of deployment strategies in a
given deployment scenario. These predictive models are also
used for interpolation to reduce the number of simulation runs
required to exhaustively investigate a given deployment sce-
nario. Consequently, the amount of time required for providing
solutions is minimized. Deployment model creation is currently
achieved using polynomial approximation with multiple vari-
ables. To provide a systems approach for network optimization,
a series of polynomial models for each deployment metric (e.g.,
connectivity and coverage) is fused using desirability functions,
as presented in [2], which provides a single metric for holistic
optimization of deployments. With this holistic metric, the
decision-support component generates a response surface that
can be searched for optimized deployments. That is, the deploy-
ment problem can be optimized by determining the levels of
each deployment parameter that provide an optimal desirability
value. The decision-support component also provides analysis
to determine feasibility of specific deployment goals under
an extensible list of factor constraints, which are specified by
analysts during deployment configurations, as shown in the use
case model in Fig. 1.

To facilitate decision-making, the decision-support compo-
nent is required to support visualization of network perfor-
mance via contour plots, which can be used to provide an-
alysts with 2-D representation of low- and high-dimensional
problems under some constraints. Visualization is provided for
single-performance metric or holistic system optimization. For
example, consider the contour image presented in Fig. 10 for
evaluating network performance solely on network connectiv-
ity. In this figure, the color red is used to identify deploy-
ment configurations (e.g., number of nodes and radio range of
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Fig. 10. Visualization of single metric (network connectivity) performance.

each node) where high-performing deployments are expected,
yellow color for reduced performance, green color for further
reduced performance, and so on until reaching the blue color,
which identifies low-performing deployment configurations.

Similarly, when evaluating performance solely on network
(sensing) coverage, several configurations can also result in
high-performing networks; however, when seeking an opti-
mal holistic configuration, these configurations can result in
inefficient deployments. To help visualize high-dimensional
feature spaces, the system provides an overlay plot, where each
generated contour plot is overlaid over the total solution space
to slice the original solution area to identify the regions where
the constraints modeled by the contour are met. This provides
an efficient tool for analyzing the deployment problem and
decision-making. Fig. 11 provides graphical analysis of holistic
solutions using contour plots. The deployment requirements
for this simulated example consist of the desired connectivity
between 80% and 90%, coverage between 75% and 80%,
deployment cost between $4000 and $5000, and transmission
power between 100 and 150 mW. The slice of the solution area
that provides feasible solutions is highlighted with the yellow
color, which denotes lower performance than the one identified
in Fig. 10—the region marked by the red color—when con-
sidering single network connectivity metric. All other sections
represent unfeasible solutions.

Given these results, analysts can configure deployments to
relax deployment requirements and expand the feasible solution
space with the potential of reducing costs associated with
deployments. For example, seeking the same level of perfor-
mance (i.e., denoted by the yellow color), the configuration
can be relaxed to include deployments that provide connectivity
between 70% and 90%, coverage between 75% and 85%, cost
between $3200 and $6000, and transmission power between
100 and 200 mW. Under this new configuration, the decision-
support component is able to find a larger solution space with
similar performance, as denoted in Fig. 12. As easily visualized,

Fig. 11. Visualization of holistic network performance. Each generated con-
tour plot is overlaid over the total solution space to slice the original solution
area to identify the regions where the constraints modeled by the contour
are met.

Fig. 12. Visualization of holistic network performance. Using relaxed de-
ployment requirements, each generated contour plot is overlaid over the total
solution space to slice the original solution area to identify the regions where
the constraints modeled by the contour are met. The solution space includes
deployments of similar performance but reduced cost.

the cost of deployment has been reduced while obtaining the
same expected performance, specified by the yellow color in
the identified solution space.
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VII. CONCLUSION AND FUTURE WORK

The deployment problem has been the topic of much research
work; however, the majority of the work focuses on theoreti-
cal laboratory-appropriate approaches for carefully positioning
nodes to meet research requirements. Insufficient work has
been done on the systems engineering aspects of the deploy-
ment problem under realistic (outdoor) large-scale deployment
conditions, where a multitude of factors affect the planning
and performance of WSN. Systems engineering issues such as
the integration of practical deployment effects and conditions,
including terrain-driven deployment topology, node failure rate,
node energy consumption, node positioning, target mobility,
network coverage, connectivity, lifetime, and other effects, are
rarely considered cohesively and incorporated as one system for
efficiently evaluating performance and optimization of WSN
deployments. In this paper, we presented results of using
machine learning to solve a two-class terrain classification
problem, which includes processing deployment images into
patches and further individually classified using a trained SVM.
This paper also presented results of initial data collection and
creation of WSN-specific RF propagation models, which are
fused with knowledge extracted from the terrain classification
to create a system for supporting intelligent decision-making
when deploying complex WSN.

The analytics platform currently under development provides
significant benefits for supporting deployments of WSN. The
most significant benefit comes from providing analysis under
real deployment terrains, which significantly deviates from
the common laboratory-driven analysis. This allows the sys-
tem to fully characterize terrains and more accurately predict
signal propagation under identified conditions. Consequently,
the analysis and optimization of the WSN deployments can
yield more accurate results. Second, by using a REST-style
architecture, the system can be easily extended without concern
for geographical boundaries, which should promote collabora-
tion among diverse scientific teams. Finally, by using a user-
centered systems approach—as opposed to a purely scientific
approach—many concerns that are of importance to field
analysts are taken into account, such as identifying regions of op-
timal deployments, visualization of these regions, and customi-
zation of deployment requirements to meet deployment goals.

Three immediate avenues for future research are identified
as follows. First, extension to the SVM approach presented
to the more general multiclass terrain classification problem
is essential to gauge the effectiveness of terrain classification
in real-world on-demand deployments. A second important
area of research is the further development of analytical or
empirical models capable of better explaining the path-loss
measurements taking into account different environmental ob-
structions expected in a WSN environment. Future propagation
models can be incorporated to the terrain classification algo-
rithm to automatically detect different terrain conditions and
assign appropriate models to them. Finally, an immediate future
area of work involves the further development of the decision-
support system software and development of more advanced
simulation models that include practical deployment effects
and conditions, such as varied deployment distributions, node
failure rate, node energy consumption, target mobility, etc.
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