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Abstract 

Monitoring movement through remote and sensitive areas has remained challenging using 

conventional equipment and techniques. Sensor network design rarely have considered the 

environmental contamination caused by sensors or if the surrounding environment would 

physically affect the sensors or sensor communication during operations.  

This thesis explored a pre-implementation approach to quantify and minimize the potential 

for contamination caused by abandoned sensors as well as model the effect of landform and 

meteorological conditions on sensor network operations to minimize the number of sensors.  

Quantifying potential contamination was accomplished by using a modified Life Cycle 

Assessment of the commercially available sensor components with additional consideration of 

current Resource Conservation and Recovery Act regulations. A geospatial approach that included 

Boolean exceedance criteria was used to design a sensor network and evaluate sensor placement 

against meteorological, topological, and land cover factors.   

These results were used as input to the SPreAD model (acoustic propagation model) 

determine the detection distance for each sensor. This approach facilitated design by limiting the 

number of deployed sensors in a network by identifying areas where sensors were not likely to 

function (depressions subject to standing water or flooding) or where adjusting sensor spacing was 

required to assure movement detection (steep topography or dense forest). While this thesis 

explored a specific system requirement, this approach and framework for considering 

environmental impacts and operational requirements in the design stage, it can be applied to other 

networks to reduce the environmental impact in remote or sensitive areas. 
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1 Introduction 

1.1 Overview of Sensor Networks for Monitoring Movement 

The remote nature of the United States and Canadian border and its diverse landscapes has 

made monitoring human movement over much of the area difficult using conventional techniques, 

especially on an as-needed-basis. Peer-to-peer sensor networks can function as a stand-alone 

monitoring network or provide additional spatial and temporal resolution to existing monitoring 

networks.  

When properly designed, sensor networks can be an effective way to monitor movement 

over large areas for border security. Autonomous sensor networks for monitoring movement are 

not a novel idea, with recent funded initiatives starting in 2005 (GAO, 2009).  Unfortunately, not 

all have been successful (Treviso, 2015; GAO 2015). Many sensor networks implemented along 

the United States and Mexico border from 1998-2011 have failed (Treviso, 2015). From 1998-

2005 the Department of Homeland Security deployed sensor networks that were ineffective, 

detecting animal movement and trains (Treviso, 2015). The Secure Border Initiative networks, 

implemented from 2005-2011, were not successful because, among other reasons, topography, 

meteorology, acoustic interference from existing infrastructure, and land cover were not 

considered during the system design for tracking movement (GAO, 2010; GAO, 2015; Treviso, 

2015). Government Accountability Office described these networks as intrusive on the landscape 

and costly to install and operate (GAO, 2010; GAO, 2009). The need for model-based 

planning/validation tools to determine sensor function for a defined-period, geography, and 

climate are critical to the network’s operational integrity and an overlooked component of previous 

and current sensor network deployments for monitoring areas on an as-needed-basis (Femelben, 

2013).  
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Evaluating sensor survivability for a given environment and associated life cycle cost has 

been problematic because desired project outcomes rarely require such an analysis prior to 

implementation (GAO, 2015). Furthermore, there has been often a drive for novel methods to 

monitor movement in a design without considering the deployed environment (Treviso, 2015; 

GAO, 2015). Technology to design, build, and deploy a low-cost, self-assembling network using 

off-the-shelf components has previously been unavailable.  Companies such as Lowpowerlabs, 

Sparkfun, and Adafruit have empowered the average person to be able to create advanced sensor 

networks. While costly industrial and research sensors have been created and deployed, studies to 

date have not considered environmental conditions and sensor performance for low-cost consumer 

grade commercial, off-the-shelf sensor components. This thesis will describe research that adapted 

existing models and utilized existing geospatial datasets to develop a holistic framework to 

evaluate the life cycle cost of deploying low-cost sensors in the environment. Implementing a 

framework of this design would allow the user to optimize a network, reducing both environmental 

and monetary cost for monitoring movement using a simplified life cycle assessment.  

1.2 Network Evaluation Overview 

The environmental impact of the sensor can be evaluated by performing a modified Life 

Cycle Assessment (LCA) and evaluating how components meet Resource Conservation and 

Recovery Act (RCRA) guidelines. Sensor design inclusive of identifying components that 

minimize the overall environmental impact of the sensor without influencing performance is 

necessary to ensure that sensor networks have the lowest impact on local and global environmental 

quality. For most sensors, the battery is likely the component of greatest concern.  

Through the use of a modified LCA, select components of a network are considered while 

remaining conscious of the environmental cost versus economic cost and maintaining  
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functionality in the proposed implementation. An LCA considers environmental costs of 

constructing, deploying, and recycling components in a sensor, providing a metric to evaluate 

several impact factors such as global warming potential and human toxicity potential. Papers by 

Rebitzer et al., Finnvedin et al., and the Environmental Protection Agency are resources to learn 

about designing an LCA (Finnveden, 2009; Rebitzer, 2004; EPA, 2006). For a low-cost wireless 

sensor network deployed in a remote area, recovery and recycling of the sensors unlikely; 

therefore, a modified LCA would be necessary to accurately estimate the environmental costs of 

this design. The lack of recovery and recycling of sensors in a remote location was anticipated as 

the network would likely be deployed using aerial means and while recycling is possible, the effort 

required to recover the sensors would be costly or impossible. While an LCA considers global 

environmental impact of an item, RCRA can be considered to ensure that none of the sensor 

components use regulated toxins that would result in polluting the local environment. Using a 

combined LCA and RCRA analysis can be guide sensor designers to avoid use of components 

containing regulated chemicals, in-turn reducing overall LCA impact while ensuring sensor and 

operational requirements are met. 

Once a sensor design is specified, the resilience of the device to function in the deployment 

environment must be evaluated. This evaluation can be performed using a series of Boolean 

exceedance selection criteria for data extracted from topological, meteorological, and land cover 

datasets. Sensor resilience is defined as the structural integrity of the device that must be 

maintained to ensure the device can  send and receive state information of itself and its neighbors. 

Boolean exceedances are true/false criteria where locations that exceed parameters resulting in 

component failure or the ability of sensors communicate and detect an event are removed. Figure 

1 shows examples of environmental conditions where exceedance criteria is met. These 
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exceedances include sensor migration or destruction due to deployment on a slope, submersion in 

water hindering communication, thermal destruction by solar irradiation, wind derived sensor 

migration, and regional rainfall that would limit communication. 

 

Fig 1. Boolean exceedance criteria 

 In addition to the ability for a sensor to communicate with its associated network, the  

sensor’s detector must also be considered. For a sensor equipped with an acoustic receiver, 

detection distance can be evaluated using the System for the Prediction of Acoustic Detectability 

(SPreAD) model for the remaining sensors to ensure detection coverage of the Area of Interest 

(AOI) (Reed, 2012). The distance that an acoustic receiver can detect an event (also defined as 

reach) is the constraining factor in the design of a sensor network and is influenced by the topology, 

meteorology, and land cover of the AOI where the sensors will be deployed. These environmental 

conditions influence the results of the model and are detailed in figure 2 where stream beds, tree 

cover, and slope have an influence on acoustic propagation. 



 

5 

 

Fig 2. Environmental variance for detection distance 
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 Sensor network redundancy can be quantified and sensor spacing optimized to reduce 

overall network environmental impact while maintaining the ability to detect an event. 

Furthermore, the transmission power of the sensor can be modulated to ensure that battery power 

use is minimized if the spacing for detecting an acoustic event is significantly smaller for radio 

frequency communication. Once these locations are removed, a final estimate of total number of 

the sensors in the network can be calculated and an overall environmental impact for the network 

in the AOI can be estimated.  

Input datasets for the described modeling effort are available from online data repositories 

(USGS, 2018; Weather Underground, 2017; PRISM, 2018; USGS, 2011). ESRI’s ArcGIS can be 

used to assess and display the results for sensor deployment under programmed constraints. While 

there are alternative, and potentially preferred, commercially available datasets their costs prohibit 

use in many instances. The datasets must be generated for each AOI and results of one AOI cannot 

be blindly translated to other locations and sensing requirements. 

A model like that described herein must be validated, internal validation can be performed 

by comparing results from similar areas of a given AOI. If input datasets for Boolean exceedances 

have similar values across data sources (satellite vs. weather station, for instance) and similar 

values in from similar, nearby environments the data may be considered representative. If the 

expected acoustic propagation distances determined are similar, the results were considered valid.  

1.3 Sensor Design Overview 

Movement can be detected by identifying modulation in the radio frequency signal between 

sensor locations and/or identification of an acoustic disturbance by a microphone (acoustic 

detector). An acoustic disturbance, in the context of this thesis, is detected by a microphone when 

a sound pressure signal exceeds a threshold value and the fast fourier transform results in a 
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signature that attributed from training sets related to either mechanical or human movement. Once 

a sensor detects a disturbance,  it signals its nearest neighbors. If three sensors detect an event, the 

event is confirmed and reported relayed across the network to a base station. The base station can 

be a cell tower or a wireless transmitter to notify a remote location monitored by a human able to 

initiate a response.  

The designed sensor needed to: be easily deployable, have large transmission and acoustic 

detection distances, be low cost, able to function for a operationally relevant period of time, be 

able to function in extreme environmental conditions, have low power functionality, and have the 

ability to self-assemble as an autonomous unit during deployment or if sensors go offline. The low 

cost sensor described is envisioned to be constructed using a Moteino/Arduino platform using off-

the-shelf components available from commercial electronics retailers. 

1.4 Receiving and Transmission Data Review 

Receiving and transmission data review contains a review of acoustic signal and radio 

frequency propagation. 

1.4.1 Acoustic Signal Review 

Acoustic signal degradation is the limiting factor of the sensor design described previously 

and will determine the distance between each sensor. The SPreAD GIS model considered the 

impact of environmental variables, such as land cover, temperature, humidity, wind speed, wind 

direction, and elevation on the distance at specific decibel levels that eight, one-third octave bands 

(0.4-2kHz) would propagate (Reed, 2012). This was the only tool that considered multiple 

environmental factors for determining acoustic propagation distances in a wild setting. This model 

was originally designed by Harrison et al. at the United States Department of Agriculture in 1980 

to meet regulations to determine the effects of engine noise on natural environments (Reed, 2012). 
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Reed et al. brought this model into an ArcGIS Environment and have continued to refine the 

interface through 2017 (Reed, 2012; Keyel, 2017).  

SPreAD GIS produced a raster that can generate isocountours through the contour tool in 

ArcGIS, displaying expected noise propagation patterns from a point source. These isocontours 

are used to assist in determination of sensor locations as the source to calculate the expected 

distance that an acoustic signal will propagate in a specific environment. The isocontour value 

identified the distance a sensor will be able to detect a frequency at a decibel level that is above 

the threshold of the microphone. 

Background noise levels and microphone sensitivity information are essential for 

producing an accurate estimation of sensor detection distance. The limiting factor, either 

background noise level or microphone sensitivity, defines the base detection threshold. Databases 

produced by groups such as 3M have comprehensive lists for background noise levels (Berger, 

2015). For example, the estimated background noise of a forest in the 3M noise list is 35 dB and 

(Berger, 2015).  If data quantified background noise levels for an AOI are not available, a separate 

model in the SPreAD toolbox is able to estimate values for defined AOI considering land cover, 

snow cover, wind speed, and expected noise (decibels of sound) from the environment.  

1.4.2 Radio Frequency Propagation 

The nodes within an AOI communicate using radio frequency to signal events, anticipating 

radio frequency attenuation rates are essential to assess if radio frequency is the design limitation. 

If the minimum transmission distance due to attenuation is greater than or equal to other detection 

methods, the radio frequency attenuation rate can be ignored. Attenuation rates must be evaluated 

in the context of different environmental conditions and used to calculate Radius of Influence 

(ROI) for detection and network communication.  
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A model from Jiang et al. empirically compared expected propagation losses from land 

cover datasets derived from satellite imagery to losses collected in given AOI (Jiang, 2014). Jiang 

et al. empirically validated the data and showed a strong correlation to predicted values of radio 

frequency attenuation. However, the study only considered mid-density boreal mixed-wood forest, 

aspen, and poplar environments, thus use is limited outside of those ecosystems.  

A model from Alsayyari et al. mathematically determined the effect of tall grasses as well 

as high and low density tree ecosystems on wireless communication transmission loss (Alsayyari, 

2017). This method used empirically collected data from a botanical garden to determine signal 

attenuation as a result of interference.  

Phillips et al. assessed the seven most common models for determining signal propagation 

loss in studies published from 1953-2013 (Phillips, 2013). The described models include 

Theoretical/Foundational Models, Basic Models, Terrain Models, Supplementary Models, 

Stochastic Fading Models, Many-Ray Models and Active Measurement. These methods range 

from theoretical to statistical models, and included those that were empirically validated. Phillips 

et al. should be consulted if environmental conditions from Alsayyari et al. or Jiang et al. do not 

describe the AOI.  

1.5 Meteorological Data Review   

Meteorological data review details precipitation datasets and models and wind. 

1.5.1 Precipitation Datasets and Models 

Using precipitation data, the potential for sensor damage or network communication 

deterioration can be determined. Daily average precipitation can be used to determine if sensors 

are likely to be damaged by moisture penetrating the case or damaging the microphone. Monthly 

precipitation averages can be used to determine the likelihood of persistent rain deteriorating the 
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network communication by hindering radio signal propagation or affecting acoustic propagation 

of target acoustic events. 

If high data resolution is needed, ground based radar datasets must be used. These datasets 

provide a complete radar coverage map of the United States, recording data from five-minute 

intervals to daily averages. However, historic weather radar data sets can be time-consuming to 

download and process because of their data size and temporal scale. These data are available 

through hosts such as Weather Underground, University Corporation for Atmospheric Research 

(UCAR), The National Weather Service (NWS), and The National Oceanic and Atmospheric 

Administration (NOAA).  

A white paper published by Richard Thomas, detailed a methodology that applied 

meteorological radar data and a Digital Elevation Model (DEM) to time-series hydrologic 

modeling (Thomas, 2014). This approach used ground based weather radar data to populate 

Comma Separated Values (CSV) files, creating a series of arrays for mathematical analysis to 

estimate the amount of precipitation over a given area for a specific period of time. This data can 

then be combined using geospatial analysis tools like ArcGIS to identify areas that are likely to be 

impacted by precipitation events.   

Alternative meteorological datasets derived from satellite based infrared, microwave, or 

radar sensors provide large-scale precipitation mapping across the United States. The datasets can 

be combined using the Mosaic tool to define estimated precipitation values over a specified period 

of time (ESRI 2017; Fulton, 2005). Reanalysis of these massive and complex datasets, such as the 

data provided by the Precipitation-elevation Regressions on Independent Slopes Model (PRISM), 

North American Regional Reanalysis (NARR), and Global Precipitation Climatology Center 
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(GPCC), North American Mesonet, provide a spatial resolution that is ideal for large AOIs 

(PRISM, 2018; ESRL Web Team, 2018; Schneider, 2011; MADIS, 2018) .  

Reanalysis is an effective sample methodology that incorporates, “approximately 7-9 

million observations at each time step” from ground and satellite based observations into a 5 – 30 

kilometer grid that can be used to estimate a range of Metrologic conditions (Daly, 2013). These 

datasets are well cited, and represent the entire United States and have large, historic databases of 

varying timescales: 5 minutes, 15 minutes, 30 minutes, hourly, daily, weekly, monthly, and yearly 

– but are prone to error and underestimation in topologically diverse areas (Daly, 2013).  

Local weather station data are ideal for small scale sensor networks or as a validation tool 

for coarser datasets such as ground radar and reanalyzed satellite data. The localized nature of a 

weather station makes estimating its radius of accuracy difficult, however it can be used to identify 

maximum precipitation values for an area and be used as a validation tool for datasets with a large 

pixel size (Coop, 2014). For example, if a nearby weather station has historical monthly maximums 

for daily temperature, wind, and precipitation that do not exceed Boolean exceedance criteria, this 

data can be a quick metric for determining if further analysis by larger data sets is necessary.  

1.5.2 Wind Data Sets 

The three most comprehensive wind data sets are NOAA’s NARR datasets, NASA’s 

MERRA-2 datasets, and the National Digital Forecast Database (ESRL Web Team, 2018; NASA, 

2018; NOAA, 2018). These data sources estimate wind speed 10 meters above the ground surface 

(ESRL Web Team,  2018). Wind speed at ground level tends to decrease from that at 10 meters 

because of interference from nearby obstructions and according to fundamental fluid mechanics 

principles (Weather Underground, 2017).  The limitations to these datasets are more pronounced 

in remote areas where data sources are not as concentrated. In these cases, interpolation between 
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points is less representative of a given area (ESRI, 2016) Winds in mid to high density forests, 

defined as forests with canopy cover ranges from 50% to 100%, are expected to be 60% less than 

what is recorded at weather stations due to the attenuation of wind by trees and leaves (Heisler, 

1990; Schindler, 2011; Jain, 2007).  

Within the proposed network, individual sensor enclosure size and mass will determine the 

weather conditions that will result in sensor units being blown across a landscape during a storm 

event. The velocity needed to overcome the static forces of friction and drag have determined that  

wind speeds need to be in excess of 84.9 km/hr to move the 200-gram sensor. Equations 1 and 2 

are the equation and solution where µ is the coefficient of static friction, m is the mass of the 

sensor, g is the acceleration of gravity, ρ is the density of air, Cd is the drag coefficient, and A is 

the area.   

(1)      

(2)      

Furthermore, according to a study published by the National Park Service, winds above 5 

meters/second (18 km/hr) will overload conventional acoustic sensors without windscreens (NPS, 

2013).  

1.6 Environmental Impact Review and Analysis 

The environmental impact review and analysis includes a review of RCRA and Life Cycle 

Assessment. 

1.6.1 Resource Conservation and Recovery Act Review 

To establish if a component contains a regulated toxin at the local level and should be 

avoided in the sensor design, components were compared with existing RCRA regulations. Sensor 
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components and material quantities must be compared with RCRA subsection C and 40 CFR 

261.33 (OFR, 2018; EPA, 2018). Components of known potential concern as those containing 

elevated masses of metals specifically lithium and mercury. 

1.6.2 Life Cycle Assessment Review 

LCA estimates the total environmental cost by calculating the cumulative emissions from 

the processing, manufacturing, use, recovery (or non-recovery), and recycling (EPA, 2006; ISO 

14040, 1997; ISO 14044, 2006; Finkbeiner, 2006; Williams, 2009). LCA is defined by ISO 

standards 14040 and 14044 for calculating environmental impact factors that include cumulative 

energy demand, global warming potential, cumulative energy demand, acidification, terrestrial 

toxicity, human toxicity, and marine toxicity (ISO 14040, 1997; ISO 14044, 2006). The emissions 

calculated are for a functional unit of the component, which can range from weight to energy 

density. An LCA results in the sum total of the impact factors for each material in a given device 

(Williams, 2009). A sensor network abiding by LCA principles aims to meet triple bottom line 

objectives which is defined by:  

1) Maintaining social benefits, such as securing borders 

2) Reducing associated economic costs   

3) Reducing the environmental impact 

The majority of the off-the-shelf low-cost sensor components have published LCA 

specifications. When performing an LCA, boundary conditions must be carefully selected  to 

define the system being analyzed (Vertech Group SARL, 2014). Boundary conditions are 

generally defined as, “delimitations of which processes that should be included in the analysis of 

a product system” (Wikipedia, 2018). Considering a simplified LCA, key components of the 
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sensor design such as include circuit boards, battery, enclosure, solder, and wires need to be 

defined and evaluated with respect to available commercial options. 

An important component of a sensor LCA is the study of the sensor’s battery. LCA of 

Nickel-Metal Hydride (NiMH) and Lithium-ion (Li-ion) batteries must be carefully considered in 

the context of the sensor’s deployment. Battery weight (kg) can be considered the functional unit 

for a sensor LCA evaluation. Sullivan et al. 2009 study detailed the emissions associated with the 

manufacturing of Li-ion (Sullivan, 2012). Majeou-Bettez et al. 2011 study detailed the emissions 

of NiMH batteries (Majeou-Bettez, 2011). These studies used similar functional units, facilitating 

comparisons between the battery types. 

The plastic injection molded sensor case contribute the largest amount of weight, 

approximately 75% of total device. Cheung’s 2017 study isolated LCA results for the production 

and manufacturing stage of injection molded plastic cases (Cheung, 2017). The functional unit is  

a kilogram of material produced in a batch of 4,000 cases. 

Chester and Horvath studied LCA costs associated with passenger transport (Chester, 

2009). The results from this paper are used reference when sensor deployment is performed using 

small aircraft. Chester et al. also reported LCAs for small vehicles such as four wheelers which 

could also be using pending the nature of the AOI. It is likely that sensor deployment in a remote 

AOI aerial distribution using small aircraft is the only rapid means of deployment. The functional 

unit for aircraft analysis is passenger kilometers travelled. This LCA details emissions from 

aircraft production, maintenance, and use, including fuel.  

Ozkan et al. have previously determined the environmental costs of manufacturing a 

printed circuit board (PCBs) in Turkey (Ozkan, 2017). The functional unit is one square meter of 

PCB. Where the PCB board was manufactured influences the LCA results, so selecting an 
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manufacturing location is necessary for accurate LCA results. Moteino does not list where their 

PCB boards are manufactured, so the results from Ozkan et al.’s study serve as an approximation 

for this thesis. 

Considering a full LCA vs. a simplified LCA one must consider important aspects of the 

sensor that have limited alternatives and truncating costs to known components, being blind to the 

manufacturing processes associated with unknown materials. If there are no feasible alternatives, 

then focus is directed to those aspects of the design that can be modified and their impact on life 

cycle cost. Sensor wiring, PCB components, and other miscellaneous sensor components are much 

more complex to assess via LCA due to the constraints of prior studies or a lack of comparable 

materials and functional units as well as assessment of these items require detailed implementation 

design of the sensor to be known. The constraints include differing power sources, transportation 

distances, or a failure to identify manufacturing versus use and recycling life cycle costs. 

1.7 Thesis Objective 

This study sought to ensure that creation and deployment of a non-recoverable low-cost 

sensor network will function in a given environment for a sensor’s operational life, minimize 

environmental deterioration and support implementation opportunities similar to the Secure 

Border Initiative. The goal of the research described in this thesis was to evaluate a sensor network 

deployment in a given environment and determine its environmental life cycle cost. Further, 

through this assessment framework one can target minimizing the environmental impact of the 

network while ensuring network connectivity and detection sensitivity. Three study AOIs near 

Whitefish, Montana (figure 3) were randomly selected and assessed to determine the effectiveness 

of assessment framework. 
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Fig 3. Study area 

The developed assessment framework utilized Boolean exceedances and geospatial models 

to identify where sensors are most likely to impacted by surrounding environmental conditions. 

Sensor components were evaluated for environmental toxicity and Life Cycle Analysis costs were 

estimated with the goal of modifying sensor design where feasible, choosing alternative materials. 

The remaining sensors from the Boolean exceedance criteria are used as an input for determining 

the receiving distance of the acoustic sensors, where the spacing of the sensors can be increased 

until minimum redundancy is met. Once the number of sensors has been determined, the number 

of remaining sensors were multiplied by the estimated Life Cycle Assessment for a sensor, 

resulting in the life cycle cost of the entire network. This solution can answer the question of 

whether or not the environmental costs of a network have an equivalent value to the data that is to 

be collected by the associated sensor network. 
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2 Materials and Methods 

2.1 Life Cycle Assessment and Environmental Toxicity 

A modified LCA was the measure of the sensor network’s environmental cost. In the 

context of this work, a modified LCA was defined as a method of using peer reviewed LCA 

literature to quantify impacts excluding use, recovery, and recycling. All emissions associated with 

the device were realized prior to the use phase, therefore there were no further emissions to be 

quantified. This modification allowed a basic LCA to be performed without a final design having 

been developed and served the purpose of broadly estimating environmental impact of the 

network. Figure 4 provides a visualization of the Life Cycles Assessment process and figure 5 

provides a visualization of the modified Life Cycle Assessment 

 

Fig 4. Life cycle assessment steps  
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Fig 5. Modified life cycle assessment  

Sensor distribution distance needed to consider LCA results, network communication 

requirements, and environmental toxicity of deployed units left in place, since the sensors were 

not expected to be recovered. If the results indicated that the network would not meet pre-defined 

functionality or environmental standards, components should be modified to meet alternative 

standards or design criteria and the LCA recalculated. This was a key component of an LCA and 

required for reducing the LCA cost to the environment (Finnveden, 2009). An example of this was 

the battery selection, which is detailed in Section 2.2. This can include changing deployment 

methods from a plane to a four wheeler to ensure adequate sensor coverage or deploying the sensor 

during an alternative timeframe. 

For the purposes of this study, a sensor to detect movement was designed and constructed 

by the University of Alaska Anchorage (but was not field tested) and was used in the sensor 

network for this model. The parts included in this design included: Moteino-USB Transceiver 

(RFM69W - 868/915Mhz), Electret Microphone Amplifier (MAX4466), Small Plastic 

Weatherproof Project Enclosure that weighs 150 grams according the manufacturer’s 
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specifications, Solder Wire (60/40 Rosin Core), Solid-Core Wire Spool, JST-PH Battery Extension 

Cable, and three Sanyo Eneloop Low Self-Discharge 2700mAH AA NiMH Batteries (Adafruit, 

2017). These components were chosen by balancing cost, availability, performance, and reliability 

under extreme climatic conditions.   

2.1.1 Life Cycle Assessment 

For the modified LCA, only resource extraction, processing, manufacturing, and 

distribution were relevant indicators of environmental impact for this analysis because the sensors 

will be deployed, used until the failure, and not be recovered. As a result, only the production and 

manufacturing stages of the LCA for materials were included in this study. It was assumed that 

the boundary conditions referenced in previous studies were compatible for the needs of this study. 

The functional units identified in the previously mentioned literature were modified to the estimate 

LCA based on materials required to make an individual sensor. For deployment, the Measure Tool 

in ArcGIS was used to estimate the distance travelled from the Glacier Park Airport located in 

Whitefish, Montana to the appropriate AOI. Tables 1, 2, 3, and 4 detail the LCA results for 

functional units from previously mentioned literature.  
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Table 1  

LCA Values for NiMH and Li-ion 

NiMH (Majeau-Bettez et al., 2011) Units (kg) Mass (kg/kg) 
GWP Global Warming Potential  CO2-eq 20 
FDP Fossil Depletion Potential  oil-eq 5.4 

FETP Freshwater Ecotoxicity Potential  1,4-DCB-eq 1 
FEP Freshwater Eutrophication Potential  P-eq 0.03 
HTP Human Toxicity Potential  1,4-DCB-eq 44 

METP Marine Ecotoxicity Potential  1,4-DCB-eq 1.1 
MEP Marine Eutrophication Potential  N-eq 0.022 
MDP Metal Depletion Potential  Fe-eq 10 
ODP Ozone Depletion Potential  CFC-11-eq 0.000098 

PMFP Particulate Matter Formation Potential  PM10-eq 0.21 
TAP Terrestrial Acidification  SO2-eq 0.88 

TETP Terrestrial Ecotoxicity Potential   1,4-DCB-eq 0.01 

  
Li-ion (Sullivan et al., 2012) Units (kg) Mass (kg/kg) 

GWP Global Warming Potential  CO2-eq 22 
FDP Fossil Depletion Potential  oil-eq 4.6 

FETP Freshwater Ecotoxicity Potential  1,4-DCB-eq 0.72 
FEP Freshwater Eutrophication Potential  P-eq 0.04 
HTP Human Toxicity Potential  1,4-DCB-eq 66 

METP Marine Ecotoxicity Potential  1,4-DCB-eq 0.8 
MEP Marine Eutrophication Potential  N-eq 0.031 
MDP Metal Depletion Potential  Fe-eq 9 
ODP Ozone Depletion Potential  CFC-11-eq 0.00023 

PMFP Particulate Matter Formation Potential  PM10-eq 0.035 
TAP Terrestrial Acidification  SO2-eq 0.1 

TETP Terrestrial Ecotoxicity Potential   1,4-DCB-eq 0.0036 
 

Table 2  

LCA Values for Enclosure 

Enclosure Units (kg) Mass (kg/kg) 

GWP Global Warming Potential  CO2-eq 38,691.97 

HTP Human Toxicity Potential  1,4-DCB-eq 168,602.78 

POFP Photochemical oxidant formation  NMVOC 106.1 

TAP Terrestrial Acidification  SO2-eq 143.35 

TETP Terrestrial Ecotoxicity Potential   1,4-DCB-eq 14.46 
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Table 3    

LCA Values for PCB Manufacturing  

PCB Manufacturing Units (kg) 1 square meter 
GWP Global Warming Potential  CO2-eq 18.6 
AP Acidification Potential  SO2-eq 0.174 

MAETP Marine Aquatic Ecotoxicty Potential  1,4-DCB-eq 134000 
FAETP Fresh-Water Ecotoxicity Potential  1,4-DCB-eq 256 

ODP Ozone Layer Depletion Potential  CFC-11-eq 0.0000025 
TETP Terrestrial Ecotoxicity Potential  1,4-DCB-eq 0.485 
POCP Photochemical Ozone Creation Potential  Ethane-eq 0.012 

EP Eutrophication Potential  P-eq 0.267 
HTP Human Toxicity Potential  1,4-DCB-eq 112 

 

Table 4  

LCA Values for Small Plane Travel 

Small Aircraft Travel Units (kg) Units Per Miles Traveled 
GHG Greenhouse Gas Emissions  CO2-eq 0.302 
SOx Sulfur Dioxide (Acidification Potential) SO2-eq 0.00025 
CO Carbon Monoxide CO-eq 0.00078 

NOx Nitrous Oxides NOx-eq 0.00075 
VOC Volatile Organic Compounds VOC-eq 0.00014 

 

2.1.2 Environmental Toxicity 

To determine if sensors that are not recovered would be toxic to the environment, it was 

critical to understanding the environmental impact of the network within the AOI. Localized 

environmental impact was determined by considering the RCRA toxicity guidelines (OFR, 2018). 

Sensor aspects of consideration included metals, hydrocarbons, and halogenated compounds, 

among others. 

2.2 Battery Selection 

A properly functioning network needs to have consistent power. In the sensor design in 

this research, the battery was determined to be the only component that could be modified. To 
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determine battery options, a survey of existing literature on properties and materials of different 

battery types was conducted. Identified battery options were then evaluated from the prospective 

of availability, operability, and environmental safety. 

Eneloop Nickel-Metal Hydride (NiMH) batteries were identified as the ideal candidates 

for the sensors because of their low environmental toxicity, high energy density, low self-

discharge, low temperature sensitivity, and consistent current discharge during rapid cycling. 

Furthermore, while lithium as an earth metal is more rare than the components of NiMH batteries, 

peak production of Lithium is not expected until 2080, well beyond the design life of the sensor 

detailed in this study (Vikström, 2013). While NiNH batteries have a higher overall life cycle 

assessment cost, they meet other design criteria and have a lower environmental toxicity when left 

to degrade in the environment compared with lithium-ion (Kang, 2013). 

Previous NiMH battery designs had two major limitations that would have prevented its 

use: 1) a high self-discharge and 2) a high sensitivity to extreme heat and cold. Current designs 

have solved this and after seven weeks in storage, Enloop batteries retained approximately 75% of 

their original charge as well as maintaining a steady discharge of 1.2 amps from -20⁰C to 40⁰C 

when in use (Vorkoetter, 2007). Exceeding these temperatures resulted in either decreased battery 

life or a destruction of the battery material (Young et al. 2016).  

2.3 Sensor Distribution 

The geospatially located AOI was created as an ESRI ArcGIS polygon feature class and 

can be any shape or size. When creating an AOI, it was helpful to have a background layer that 

provides spatial context to aid in boundary determination such as Google Earth. A guidance 

document from the National Parks Service identified that a grid spacing was recommended for 

easy and accurate sensor distribution and results in the most reliable capture of noise (NPS, 2013; 
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Dhillon, 2005). To apply a grid evenly over the AOI, use the Project tool in ArcToolbox to ensure 

that an equal area projection, such as Albers Equal Area, was defined for the grid feature class. 

This allowed the grid to originate at the corners of the AOI. The Fishnet Tool was then be used to 

apply a grid over the AOI. When creating the grid, it was essential that a uniform spacing of a 

specified distance between each sensor point be identified. 

The proposed grid spacing was established as the acoustic receiving distance for 100% 

detection, ensuring the highest level of operational reliability and redundancy in the network. 

Because empirical data was not collected, the general distance that the Electret Microphone 

Amplifier (Max4466 with Adjustable Gain) can detect a disturbance is between 20 meters and 1 

kilometer (Maxim, 2001). Determining the ROI assumed that sensors would be distributed along 

a 20 meter x 20 meter grid. Once the estimated radius of influence was determined from the 

SPreAD model for the AOI, the network can be optimized by removing sensor locations that would 

not affect the ability of the network to detect an event. Redundancy was defined by identifying 

sensor locations that lie within the acoustic receiving radius of a sensor. If a sensor location was 

within the receiving radius of four sensors and the radius of influence on the network, it was 

considered redundant. If different reliability criteria was desired, sensors could be placed further 

apart or closer together after an execution of the model until an ideal solution was achieved. 

However, if sensors were spaced further apart, a comparison should be made to ensure the acoustic 

receiving distance of the sensors would cover the AOI. 

This study analyzed three 400 meter x 60 meter (24,000 m2) AOIs: steep terrain, high 

moisture, and dense tree cover (AOI 1); gently sloping terrain, low moisture, and less dense cover 

(AOI 2); and flat terrain, no moisture, and no land cover (AOI 3). These locations reflected some 
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of the environments that exist along the United States and Canadian border. Figure 6 shows the 

locations of the AOIs. 

 

Fig 6. Locations of areas of interest  

 AOIs were located on land that has not been impacted by farming or urbanization. The 

study was conceived to assess deployment along the United States and Canadian border but due to 
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a lack of available datasets and security concerns the locations detailed in this thesis were selected. 

The deployment assumes that the destruction of sensors as a result of interference by native fauna 

(animals) was negligible. The Boolean exceedance criteria will be segmented in the model by 

dataset – topological, meteorological, land cover, and acoustic receiving distance. Table 5 lists the 

Boolean exceedance analysis and criteria for removing a location from a given AOI 

Table 5  

Boolean Analysis and Exceedance Criteria 

Analysis Exclude 

Temperature < -20⁰C and > 40⁰C 

Land Cover Water and Wetlands 

Slope > 45⁰ 

Daily Precipitation > 100 mm 

Hourly Precipiation > 4 mm 

Wind > 20 km/hr 
 

2.4 Meteorological Datasets 

Obtaining accurate and detailed meteorological datasets were critical to estimating network 

reliability. Meteorological data layers include: temperature, wind speed, and precipitation. These 

datasets were important to identify conditions that will result in the destruction of sensors or 

influence acoustic receiving distance. Dataset selection was dependent on computing time allowed 

and the spatial scale of the AOI. June, July, and August data sets were collected from their source 

November, 2017. These months were chosen because the sensor will operate ideally when there is 

not snow on the ground or in weather conditions above -20⁰C. Once snow falls the sensors will be 

buried which will cause limited capabilities for the acoustic receivers and prevent radio frequency 

signals from being transmitted. Furthermore, if sensors are deployed on snow it is expected that 

over time they would sink through the snow to the ground surface (through gravity or snow 
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metamorphosis) or become encased in ice, resulting in a loss of ability to detect and transmit an 

event. 

2.4.1 Precipitation 

Failure due to water damaging the microphone, influencing radio frequency connectivity, 

or manufacturing errors (water leaking into cases with faulty seals) was expected when sensors 

have been transported by stream channels that formed on slopes or covered by water in a low lying 

area. Daily and monthly precipitation averages were used to determine if rainfall was likely to 

move sensors or damage sensors. There were three methods that were used to determine if 

precipitation would damage a sensor; individual storm events (Section 2.4.1.1), identifying areas 

likely to flood (Section 2.4.1.2), and land cover (2.4.1.3). 

2.4.1.1 Individual Storm Events 

Daily and monthly precipitation amounts were obtained from the PRISM model to estimate 

precipitation over large areas that were not near weather stations. The PRISM model was chosen 

because of its low error associated with results (Prat, 2015). PRISM data were presented in a raster 

format. For this study, point locations where precipitation results exceeded 4 millimeters per hour 

or 100 millimeters per day exceeded Boolean threshold criteria. These were defined by the 

National Weather Service and the Meteorological Service of New Zealand as serious storm events 

(Pearlman, 2005; Metservice, 2018). Data that did not meet the 4 mm per hour or 100 mm per day 

criteria were below the Boolean exceedance threshold and were not considered in the analysis. 

These datasets were then merged to a single layer that identified all cells that exceeded one of the 

critical weather factors. Figure 7 presents a visual representation of PRISM data set. 
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Fig 7. PRISM dataset example 

2.4.1.2 Identifying Areas Likely to Flood 

Areas likely to flood were identified by the Bluespot model, an open source ArcGIS model 

developed by Dr. Thomas Balstrørn and distributed through ESRI (the company that developed 

the ArcGIS platform), that identified areas that were likely to flood. Alternatively, stream and 

perennial water bodies locations were identified using USGS Stream and Waterbody datasets and 

were available through the USGS Map Viewer interface but were not included in this analysis 

since the Bluespot model was used. Sensors located near these areas would likely be destroyed 

before the end of a six-month period due to submersion and likely transport.  

Determining the risk of flooding from seasonal precipitation events must be considered 

when deploying a sensor network as described previously. The Bluespot model for Model Builder 
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determined the likelihood of a rain event flooding a location (Balstrørn, 2015). The same model 

was be applied to a proposed network to determine if the sensor locations would be affected by 

heavy rainfall. The model estimated, “…the water balance equation where P = I + E + Ao + Q 

where precipitation (P) is equal to the interception caught by vegetation (I) plus evaporation (E) 

plus surface run-off (Ao) plus deposition in local reservoirs (Q)” (Balstrørn, 2015). In this context, 

local reservoirs are flat areas or depressions that were likely to flood.   

Another method to determine if an area would flood were FEMA’s flood map estimation 

tools (DHS, 2017). This database is freely available and identifies areas that are likely to flood 

during heavy precipitation events and the likelihood of the event happening (a one in ten-year 

flood vs a one in a hundred-year flood) (DHS, 2017). This method was not used in this study 

because these data sets were primarily designed for urban environments. 

2.4.1.3 Land Cover 

An alternative method to determine if there would be standing water during a precipitation 

event was to use the ecosystem designation the network would be deployed in. Land cover 

designations such as swamps, bogs, and riparian zones that typically have high water content 

would cause sensors to be submerged. These types of ecosystems were identified in datasets 

identified in Section 2.4 of methods. Locations that would flood or wetlands were are considered 

Boolean exceedances and were not included in the final AOIs.  

2.4.2 Temperature Datasets 

The PRISM model was chosen to estimate temperature patterns over large areas that were 

not near weather stations, since it had a low amount of error associated with results compared to 

other temperature models (Prat, 2015). Therefore, PRISM data for sensor locations were used as 
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the temperature input for the SPreAD model in this study.  PRISM data was compared against 

near-by weather stations to validate monthly temperature extremes.  

Sensor batteries decrease in performance when regional temperature averages drop below 

-20⁰C or exceed 40⁰C. Data from the PRISM model were used to identify season change and when 

temperatures that were damaging to the batteries could occur. This should be used as an 

approximate limit for when the sensors would fail due to the effects of cold or heat on batteries, or 

set the expectation that snow cover could affect sensor reception. 

2.4.3 Wind Data 

For this study, maximum wind speed was used to estimate the potential to move and 

damage sensor units. Most available historical wind datasets are averages of wind speed over a 

unit of time, which underreport maximum wind velocities and are estimated at elevations above 

10 meters, so values are not representative of ground conditions (NOAA, 2018). Data from weather 

stations near the AOI measure wind speeds near the ground and were used for this study. Historic 

data from the previous year was sourced from Weather Underground which was accessed in 

November, 2017 (Weather Underground, 2017). Figures 8 and table 6 show a screen shot of 

available weather stations near the AOI and an exported excel table detailing the maximum 

environmental conditions for each month.   
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Fig 8. Screen shot of existing weather stations with historic weather data 

 

Table 6  

Excel Export of Maximum Meteorological Data for One Location 

2017 Temp. (°F) Wind (mph) Precip. (in) Events Location Columbia Falls 

June 86.2 24 4.24 SW Site Teakettle Mt 

July 96.3 22 0.03 W Lat 48.443 

August 92.1 20 0.34 SW Long 114.106 

  Elevation 3715 

 

2.5 Land Cover Data Sets 

Land cover data sets contained stream and water body locations, ecosystems with a high 

water content, and tree cover density information. If sensors intersect these land cover types, 

damage to the sensor or interference in transmission was likely. 

The USGS has compiled a land cover map (NCLD) that has 13 different land classes and 

was most recently updated in 2011 (USGS, 2011). This data set was used in this thesis because it 

integrated smoothly with the SPreAD model. Alternatives to the NCLD data set were the GAP 

national land cover dataset which was also available from the USGS, and Landfire dataset that was 

available from the Woodland Fire Research Council (WFRC). All datasets were publicly available 
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and are acceptable as inputs for the SPreAD model. The SPreAD model used land cover data to 

estimate the result of obstructions on acoustic propagation (Reed, 2012). 

2.6 Topologic Data Sets 

An ASTER Raster DEM with 30-meter resolution was used to determine elevation within 

the AOI from the USGS Earth Explorer interface. Although alternative, commercially available 

datasets that have higher resolution could be acquired through private providers, funding 

limitations prevented acquiring these data sets (Digital Globe, 2018; Planet, 2018). The Slope Tool 

in ArcToolbox defined the terrain gradient in the AOI. If the gradient exceeded 45⁰ it was assumed 

sensors would be displaced by high winds, gravity during deployment, or intense short-term 

precipitation events and therefore were not expected to function. In addition, the sensors would be 

very difficult to manually place.  

2.7 Acoustic Receiving Distance 

Meteorological, topological, and land cover data sets can model and identify areas where 

sensors would not be able to detect an event (movement within the AOI). As previously stated, it 

was assumed that within 20 meters, acoustic receivers have 100% event detection. However, the 

actual distance of acoustic detection could be much larger based on environmental conditions.  

Upon implementation, the acoustic receivers will have to be incorporate machine learning 

to uniquely identify human and mechanical movement. For this work, the background noise was 

been assumed that it would not impact the detector’s ability to detect an event and that the sound 

pressure level would need to exceed that of the environment. Additionally, the acoustic receivers 

were assumed to have a wind filter, reducing the influence of wind gusts on detecting human and 

mechanical movement (NPS, 2013). Furthermore, because the acoustic sensors were not 
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empirically tested, a specific noise threshold could not be confirmed, so the manufacturer’s 

background noise specifications were used.  

The use of the SPreAD Toolbox plugin in ArcGIS analyzes the effects of average 

temperature and wind speed, elevation, and land cover on frequency propagation distance of a 

specific range of frequencies. Forty dB was chosen as the cut-off for detection because it was 

slightly higher than the expected background noise of the environment, 35 dB from 3M’s list of 

background noise levels, setting a lower limit for detection (Berger, 2015). For this methodology, 

the SPreAD model determined the boundary conditions for the model used. Values used to 

populate the model were unique to each AOI. The inputs for the SPreAD model were: sensor 

location, extent of the model, elevation, land cover, frequency input, temperature, humidity, wind 

direction, wind speed, and season conditions. An average temperature for the three month period 

was used (approximately 20⁰C), 50% humidity was used for all sites, and maximum wind 

conditions at near-by weather stations were used, and a clear, windy, summer day was used as the 

input for seasonal conditions. For the frequency input, a dataset that is available with the SPreAD 

toolbox titled frequency_table.csv was used. This dataset had an average dB of 68 across 1/3 

octave frequencies and is representative of a motorized vehicle measured at 5 meters. 

Using this model allowed the network to be optimized by identifying and removing 

redundant sensors that fell within the observable zone of each sensor output. In effect, this model 

establishes a minimum density of sensor nodes for the sensor network. If resulting polygons of 

acoustic signal generation above a specific decibel level overlapped sensor locations, the model 

assumed that the sensors will detect the event. The buffers, which are polygons that define the 

reach of each sensor , were merged to identify where sensors could not detect an event.  
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2.8 Radio Transmission Distance 

The acoustic reception components utilized in this study had a smaller reception distance 

(20 meters) than the radio frequency or transmission distance (1km). By assuming that the sensors 

would be able to detect sound at a minimum distance, it was assumed that they will be able to 

adequately transmit a signal by radio frequency that could be received by a nearby sensor 

regardless of obstruction interference. If there was heavy rain, the acoustic detectors were not 

expected to properly function either. Because of this assumption, it was not necessary to calculate 

transmission radio frequency attenuation rates.  

2.9 Determining Gaps in Acoustic Detection 

Once the individual analyses for Boolean exceedance and the SPreAD model was 

completed, the results were merged into one layer to determine areas where events could not be 

detected or have a low probability of detection. Step-by-step instructions are detailed in Appendix 

B. Figure 9 visually depicts the steps in this process.  



 

34 

 

Fig 9. Framework flowchart 
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3 Results and Discussion 

3.1 Overview of Results 

The results of the model were separated into three sections: 

1) Sensors lost due to environmental conditions (topography, meteorology, and land cover) 

in three test areas 

2) The estimated transmission distance of the remaining sensors in each test case 

3) The Life Cycle Assessment analysis for each AOI 

Three AOIs were selected to test the model in three diverse geographic situations near 

Whitefish, Montana. Results from the Boolean analysis identified the percentage of sensors that 

would be damaged due to topological, meteorological and land cover conditions within an AOI 

for a proposed network. The sensor locations that remained were then input to the SPreAD model, 

which produced data that indicated the deterioration of a sound frequency from its source. It was 

presumed that the sound decay from each sensor was equivalent to this estimate to ensure that 

there was an adequate number of sensors and that they were appropriately distributed within the 

network grid.  

This ensured that an event was detected in the AOI and the data could not be used to 

estimate network redundancy requirements. The output displayed the detection distances around 

each sensor augmented by the local ambient environment. The total LCA costs were calculated by 

multiplying the LCA cost of one sensor by the number of sensor locations in the network.  
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3.2 First Area of Interest 

The first AOI was located on a slope less than 45⁰ with complete tree cover and a low 

chance of metrological damage. According to the Boolean analysis no sensors were to be 

destroyed (figure 10).  

 

Fig 10. Sensor locations for AOI 1 
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Since none of the locations exceeded any of the thresholds for the Boolean analysis, all 159 

sensor locations were used as inputs for the SPreAD model (figure 11).  

 

Fig 11. Sensor locations rxceeding boolean criteria for AOI 1 
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The results from the Boolean analysis are detailed below. 

 Average temperature was 25⁰C with no maximums above 40⁰C 

 The slope for the AOI was less than 45⁰ (figure 12) 

 

Fig 12. Slope results for AOI 1 
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 The average wind speed was 10 km/hr 

 There were no exceedances within precipitation datasets 

 The Bluespot model did not identify any depression cells that would fill with water 

within the AOI (figure 13) 
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Fig 13. Bluespot model results for AOI 1 
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 There were no sensor locations that intersected any land cover types that would impact 

sensor performance (figure 14) 

 

Fig 14. Land cover results for AOI 1 
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 The sensors were able detect an event within 100% of the AOI (figure 15) 

 

Fig 15. Area of detection compared to area of interest AOI 1 
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This AOI was dominated by coniferous forests, which reduced sound propagation. The 

SPreAD model was run for all points and, at 20-meter spacing, there was complete redundancy in 

the network. The SPreAD model results indicated that the average detection distance for each 

sensor in the AOI was near 80 meters (figure 16).  
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Fig 16. Area of detection for AOI 1 
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This meant that spacing could be increased to 50-meter spacing while still retaining 100% 

redundancy. The LCA costs for the network are detailed in Appendix A. The variation in detection 

diameter across similar environments was between 1 and 1.5 meters for differing land cover types. 

The overall variation in detection diameter across the network was approximately 20 meters. This 

variation was reflective of the environmental changes across the network and exceeds the 20 meter 

initial spacing requirement. Figure 17 details the variation in detection distances. 
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Fig 17. Validation of AOI 1 model results 
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3.3 Second Area of Interest 

The second AOI, which was located on a hillside whose slope occasionally exceeded 45⁰, 

and had complete tree cover with some surface water and a chance of ponding from precipitation 

events (figure 18). 
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Fig 18. Sensor locations for AOI 2 
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This Area of Interest had 98 of the 159 sensors exceed thresholds for Boolean analysis, meaning 

61 locations remained (figure 19).  

 

Fig 19. Sensor locations exceeding boolean criteria AOI 2 

 



 

50 

The results of the Boolean analysis are detailed below. 

 Sixty-four locations exceeded a slope 45⁰ (figure 20) 

 

Fig 20. Slope results AOI 2 
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 Seven locations were in Bluespot model depression zones (figure 21) 

 

Fig 21. Bluespot model results for AOI 2 
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 Twenty locations were in water bodies and swamps (figure 22) 

 

Fig 22. Land cover results for AOI 2 
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 The average temperature was 25⁰C with no maximums above 40⁰C 

 The average wind speed was 9 km/hr 

 There were no days of precipitation that exceeded 100mm 

The AOI was dominated by shrubs, evergreen forests and rivers, reducing sound 

propagation. The remaining locations were run through the SPreAD model and results indicated 

that the average detection distance for each sensor in the AOI was approximately 100 meters 

(figure 23).   
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Fig 23. Area of detection for AOI 2 
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However, due to the loss of sensors from difficult environmental conditions, the AOI did not 

have 100% detection of an event by the sensor network with 20-meter spacing but it did have 

82% coverage (figure 24).  
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Fig 24. Area of detection compared to area of interest AOI 2 
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The distance between detection areas was approximately 100 meters and occured where 

locations were not expected to function due to high slope. It was thought that these areas were 

not likely to be traversed due to the difficult conditions, however, the remaining sensors on less 

steep terrain could be spaced to 50-meters without affecting performance. The LCA costs for a 

20-meter grid are detailed in Appendix A. The variation in detection diameter across similar 

environments was between 0.4 and 7 meters for differing land cover types. The overall variation 

in detection diameter across all the points was approximately 50 meters. This variation was 

reflective of the environmental changes across the network and all points detect events beyond 

the 20 meter initial spacing requirement. Figure 25 details the variation in detection distances. 
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Fig 25. Validation of AOI 2 model results 
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3.4 Third Area Of Interest 

The third AOI was located on a flat area with shrubs and grasses. The AOI was selected 

to create a “best-case-scenario” where there were no obstructions or topography to interfere with 

sound propagation (figure 26). 
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Fig 26. Sensor socations for AOI 3 
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Unfortunately, a weather station near the AOI indicated that wind speeds exceeded thresholds 

for wind speed with an average wind speed at 60 km/hr and gusts recorded at 115 km/hr. The 

land cover (shrubs) would not reduce wind speeds enough to prevent movement of the network 

(figure 27). 

  

Fig 27. Sensor locations exceeding Boolean criteria AOI 3 
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The rest of the thresholds used in Boolean analysis were not exceeded. This was an example 

of where judiciously selecting AOIs helped to identify locations where sensors would likely be 

ineffective at detecting an event. The LCA was not able to be performed as no sensors remained 

to be analyzed. This AOI was a poor fit for the current design. 

 The average temperature did not exceed 40⁰C 

 Slope did not exceed 45⁰ (figure 28) 
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Fig 28. Slope results AOI 3 
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 There were no locations in Bluespot model depression zones (figure 29) 

 

Fig 29. Bluespot model results for AOI 3 
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 There were no days of precipitation that exceeded 100mm 

 Land cover was dominated by shrubs  (figure 30) 

 

Fig 30. Land cover results for AOI 3 
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The SPreAD analysis was run to determine theoretical sound propagation distances, if the 

network had not exceeded thresholds for wind in the Boolean analysis. Since the network was not 

expected to  function, the detected area vs AOI showed no coverage of the AOI (figure 31).  
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Fig 31. Area of detection compared to area of interest AOI 3 
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However, if the SPreAD analysis was run, the results indicated that the sensors would be able to 

detect an event within the AOI with 100% coverage, the sensors would be able to detect events up 

to 250 meters, and the results would be valid (figures 32 and 33).  
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Fig 32. Area of  detection for AOI 3 
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Fig 33. Validation of AOI 3 model results 



 

71 

 

The LCA costs for this network were calculated to be zero, since was is not expected that any 

sensors would be deployed in this area. This AOI was a poor fit for the current design. 

3.5 Sensor Placement and Sound Propagation Discussion 

Sensor placement and sound propagation discussed sound propagation output data 

resolution, computing requirements and errors results, sensor placement, and the LCA. 

3.5.1 Sounds Propagation Output Data Resolution 

The SPreAD model determined the output resolution for frequency propagation distance 

by the lowest resolution input. The raster resolution for this study was 30 meters, meaning that the 

output also had a 30-meter resolution. More accurate estimates of frequency propagation could be 

calculated if the raster resolution was increased. Additionally, analysis of sound propagation 

originated from the center of the raster’s pixel, meaning that the smaller the pixel, the more 

accurate the acoustic propagation distance would be. These datasets are commercially available 

and recommended for future studies.  

3.5.2 Computing Requirements and Error Results 

The processing time needed to complete this analysis was substantial. The computer used 

for this study had a 2.60 GHz quad core i7 processor with 32 gigabytes of RAM running on 

Windows 10. Locating a batch of 40 sensor locations took approximately four hours to run. 

Running the model from the Python script took approximately three hours for 40 sensor locations. 

This research was only a design framework; a large AOI was not necessary to prove the concept 

described. If this design framework is adopted for future networks, it is recommended greater 

processing power be used and that AOIs be run in batches. 
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There seemed to be fewer errors created when running the Python script. The errors 

included Euclidian distance errors, projection and datum errors, undefined ecosystem 

classification, ArcGIS crashing, and multiple raster resolution errors. If using ArcGIS, the 

environment needs to be verified before running the data in the SPreAD model, otherwise a 

GeoDatabase Error occurs. Using either Python or ArcGIS the extent of the analysis needs to have 

square edges, otherwise Euclidian geometry errors occur. Furthermore, before using a Point 

Feature Class, ensure that there is a defined spatial reference and run a test on sensor locations 

using the Euclidian Distance and Euclidian Direction Toolbox tool.  

3.5.3 Sensor Placement Discussion 

Every dataset analyzed, except temperature, for the Boolean thresholds identified sensor 

locations that were not suitable for a given environment. This analysis aided in refining grid 

distribution and optimizing sensor placement to reduce overall system cost. This makes these 

datasets all uniquely important. However, if a season changes and precipitation, wind, or 

temperature exceed Boolean threshold values over a short period of time, one should consider 

shifting the deployment time frame or location if possible. Depending on the environmental 

conditions in an AOI, the expected lifespan of a sensor is three months which provides a temporal 

buffer of anywhere from three to nine months. 

Using an initial spacing of a 20-meter grid allows for a convenient way to identify sensor 

locations that are not necessary to meet redundancy requirements. For example, in this study a 40 

dB contour was used to identify the distance that a sensor would be able to detect an event. If this 

area of detection intersects more than four sensor locations (one for each critical point on a circle) 

then it can be assumed that the grid spacing can be increased. This is visualized in figure 34. 
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Fig 34. Idealized radius of detection 

The first AOI was able to have 75% of locations removed (60-meter spacing on a grid) 

while still maintaining 99% redundancy in the network (figure 35). 
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Fig 35. Detected area within AOI with 75% reduced points 
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 However, if a unique grid spacing was desired, re-running the model at new spacing values 

until an optimal solution was reached is possible. The SPreAD analysis ensured that sensor 

placement was adequate to detect an event and there were many ways that redundancy could be 

measured: polygon overlap, sensor location overlap, and coverage of an AOI. By employing these 

methods, this framework provided a way to develop datasets that could be used to reduce the 

number of sensors needed to ensure adequate coverage of a network, however that is defined.  

3.6 LCA Discussion 

This framework was designed with a triple bottom line objective and was an essential first 

step to creating a network with a low environmental impact. Triple bottom line is an accounting 

framework that evaluates a solution to have the largest social and environmental impact while 

reducing economic costs. This was accomplished by selecting materials that have the lowest LCA 

values without sacrificing performance of the network. 

3.6.1 Materials Selected 

Different materials had varying levels of contribution to the overall Life Cycle Analysis. 

The sensor enclosure was the most significant contributor to the global warming potential and 

human toxicity potential cost for each sensor unit. This was believed to be because there was a 

significant amount of energy needed to make plastic, which has a large amount of emissions. 

However, since the Moteino platform was the basis for the sensor and could not be replaced 

without re-designing the communication architecture, this modified LCA would not provide a 

recommendation for an alternative material. Furthermore, alternative platforms would also use 

PCB boards as it is currently the cheapest way to make a circuit that would suit the needs of the 

sensor design. The PCB board was the most significant contributor to the freshwater ecotoxicity 

potential and marine ecotoxicity potential. This is likely due to metals present during materials 
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acquisition and the manufacturing processes as well as the toxic nature of the waste generated 

during the manufacturing process. Equation 3 takes the initial functional unit of one square meter 

was multiplied by the size of the Moteino chip used in this study (19.7 x 16 millimeter or 0.000315 

square meters), converting to a functional unit equivalent to one sensor unit. 

3)      

There was a high amount of variation when comparing results from different methods of 

evaluation (global warming potential, acidification potential, etc.) resulting in many LCA 

categories appearing to have no results. Furthermore, not all tests analyzed the same environmental 

impacts, so some categories have no results. Figure 36 compares the results for a modified LCA 

analysis across multiple environmental impacts.  

 

Fig 36. Results of LCA study 

Tailoring the battery to meet the requirements of the sensor design and environmental 

conditions yielded the only reductions in overall LCA outcomes. If the battery was destroyed or 

discarded, the most common elements present in the battery matrix (nickel, cobalt, manganese, 
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and aluminum) could leak to the environment. However, since these components were present in 

low quantities and have a low environmental toxicity, current disposal regulations indicated that 

disposing of less than 10 batteries at one point source (defined in this instance as a sensor location) 

was not considered toxic to the environment (Young, 2016; Energizer, 2009).   

This was contrasted with Lithium ion batteries, which were originally chosen for this 

research. Lithium-ion batteries have a lower processing and manufacturing LCA profile, similar 

temperature sensitivity and self-discharge rate to NiMH and a slightly higher energy density than 

NiMH. However, they used materials that are regulated environmental toxins in certain states 

(Kang, 2013; EPA, 2017). Furthermore, Lithium-ion batteries had a higher unit cost: $15 vs. $4 

for one Enloop Nickle Metal Hydride (NiMH) AA batteries (Amazon, 2018; Amazon, 2018). The 

slightly higher energy density and similar LCA results did not outweigh the environmental toxicity 

and economic cost, so Lithium-ion batteries were not selected for this design. The initial design 

called for a Li-ion battery; however, an investigation of the literature, indicated that nickel-metal 

hydride batteries would function similarly to Li-ion batteries at a fraction of the monetary and 

environmental cost (Aditya, 2008). Prior studies identified that for key LCA criteria of the 

production and manufacturing stage, Li-ion and NiMH results were within 40% of each other for 

many environmental indicators and table 7 has shown this (Sullivan, 2012; Majeu-Bettez, 2011).  
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Table 7  

Percent Difference Between NiMH and Li-ion Batteries 

% Difference NiMH vs Li-ion Units (kg) Mass (kg/kg) 
GWP Global Warming Potential  CO2-eq -10% 
FDP Fossil Depletion Potential  oil-eq 15% 

FETP Freshwater Ecotoxicity Potential  1,4-DCB-eq 28% 
FEP Freshwater Eutrophication Potential  P-eq -33% 
HTP Human Toxicity Potential  1,4-DCB-eq -50% 

METP Marine Ecotoxicity Potential  1,4-DCB-eq 27% 
MEP Marine Eutrophication Potential  N-eq -41% 
MDP Metal Depletion Potential  Fe-eq 10% 
ODP Ozone Depletion Potential  CFC-11-eq -135% 

PMFP Particulate Matter Formation Potential  PM10-eq 83% 
TAP Terrestrial Acidification  SO2-eq 89% 

TETP Terrestrial Ecotoxicity Potential   1,4-DCB-eq 64% 
 

Furthermore, the lithium ion battery was the only material that was a regulated compound by 

RCRA and is shown in table 8. 

Table 8  

RCRA Toxicity Results 

Material RCRA Section C  40 CFR 261.33 State Regulations 
Nickel-Metal Hydride Battery No No No 
Lithium-Ion Battery Yes No Yes 
Plastic Enclosure No No No 
PCB Circuit Board No No No 
Solder No No No 
Plastic-Coated Wire No No No 
Microphone No No No 

 

None of the components in this study were currently regulated under RCRA guidelines and 

were therefore not a significant consideration for localized environmental impact. Table 9 shows 

the components used in this design, all of which are currently not regulated as hazardous.  
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Table 9  

RCRA Results for Components in Sensor 

Material RCRA Section C  40 CFR 261.33 State Regulations 
Nickel-Metal Hydride Battery Not Regulated  Not Regulated  Not Regulated  

Plastic Enclosure Not Regulated  Not Regulated  Not Regulated  

PCB Circuit Board Not Regulated  Not Regulated  Not Regulated  

Solder Not Regulated  Not Regulated  Not Regulated  

Plastic-Coated Wire Not Regulated  Not Regulated  Not Regulated  

Microphone Not Regulated  Not Regulated  Not Regulated  
 

It should be noted that while AOIs discussed in this study covered large areas, the sensors were 

widely dispersed so an individual sensor had a lower contribution to localized environmental 

contamination compared to the network as a whole.  

The emissions from a kg of NiMH battery was representative of the weight of the battery 

present in each sensor (33 grams for three batteries). Equations 4 and 5 detail the sensor battery 

function unit conversion that was used in this study. Table 10 details the results of these studies 

and figure 37. 

4)      

5)      
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Table 10 

LCA Results for NiMH Batteries and Li-ion Batteries 

NiMH (Majeau-Bettez et al., 2011) Units (kg) Mass (kg/kg) Sensor 
GWP Global Warming Potential  CO2-eq 20 0.66 
FDP Fossil Depletion Potential  oil-eq 5.4 0.1782 

FETP Freshwater Ecotoxicity Potential  1,4-DCB-eq 1 0.033 
FEP Freshwater Eutrophication Potential  P-eq 0.03 0.00099 
HTP Human Toxicity Potential  1,4-DCB-eq 44 1.452 

METP Marine Ecotoxicity Potential  1,4-DCB-eq 1.1 0.0363 
MEP Marine Eutrophication Potential  N-eq 0.022 0.000726
MDP Metal Depletion Potential  Fe-eq 10 0.33 
ODP Ozone Depletion Potential  CFC-11-eq 0.000098 3.23E-06 

PMFP Particulate Matter Formation Potential  PM10-eq 0.21 0.00693 
TAP Terrestrial Acidification  SO2-eq 0.88 0.02904 

TETP Terrestrial Ecotoxicity Potential   1,4-DCB-eq 0.01 0.00033 

   
Li-ion (Sullivan et al., 2012) Units (kg) Mass (kg/kg) Sensor 

GWP Global Warming Potential  CO2-eq 22 0.726
FDP Fossil Depletion Potential  oil-eq 4.6 0.1518

FETP Freshwater Ecotoxicity Potential  1,4-DCB-eq 0.72 0.02376
FEP Freshwater Eutrophication Potential  P-eq 0.04 0.00132
HTP Human Toxicity Potential  1,4-DCB-eq 66 2.178

METP Marine Ecotoxicity Potential  1,4-DCB-eq 0.8 0.0264
MEP Marine Eutrophication Potential  N-eq 0.031 0.00102
MDP Metal Depletion Potential  Fe-eq 9 0.297
ODP Ozone Depletion Potential  CFC-11-eq 0.00023 7.59E-06

PMFP Particulate Matter Formation Potential  PM10-eq 0.035 0.0012
TAP Terrestrial Acidification  SO2-eq 0.1 0.0033

TETP Terrestrial Ecotoxicity Potential   1,4-DCB-eq 0.0036 0.00012
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Fig 37. Ni-MH vs Li-Ion LCA results 

The remainder of the components analyzed for the LCA are included in Appendix A and 

were estimated from the functional units (the unit of reference that all other data are normalized 

to) provided in the original literature. It should be noted that the greatest reduction in overall LCA 

cost did not come from replacing the battery, but rather by reducing the number of sensors 

deployed. For example, the emissions reductions from changing batteries represented 50% of the 

global warming potential of the LCA for NiMH, compared with 55% of the global warming 

potential for Li-Ion. Furthermore, the difference in global warming potential between NiMH and 

Li-Ion multiplied across the network iwass approximately 9%, or 318 kg of CO2 –equivalent. By 

reducing the number of sensors deployed by 14 out of 159, the same reduction in global warming 

potential could be achieved. Therefore, the greatest reduction in Life Cycle Assessment cost was 

accomplished by increasing the grid spacing or reducing the redundancy requirements. 

Furthermore, by reducing the number of sensors deployed, a reduction in the amount of waste that 

remained in the environment would be achieved.  
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The sensor enclosure had the largest overall individual LCA cost for the network. The 

analysis for the case was conducted with SimaPRO software and separates the manufacturing 

process into four different stages: raw polycarbonate, the injection molding process, electricity, 

and transportation. The weight of plastic (1.1 kg) was the functional unit for this study and were 

for one production cycle of 4,000 units, or 4,417.9 kg. The enclosure could not be currently 

modified as there were no available comparable materials that met the operational specifications 

of the design. However, if this were a possibility, other options should be explored.  To make the 

emissions comparable to one sensor, the calculations were as follows (equations 6 and 7) and are 

detailed in table 11.  

6)      

7)      

Table 11 

LCA Results for Enclosure 

Enclosure Units (kg) Mass (kg/kg) Sensor 
GWP Global Warming Potential  CO2-eq 38,691.97 1.199726
HTP Human Toxicity Potential  1,4-DCB-eq 168,602.78 5.227885

POFP Photochemical oxidant formation  NMVOC 106.1 0.00329
TAP Terrestrial Acidification  SO2-eq 143.35 0.004445

TETP Terrestrial Ecotoxicity Potential   1,4-DCB-eq 14.46 0.000448
  

However, depending on the distance to the AOI, the airplane has the potential to have the 

highest LCA cost. In this thesis, the flight accounted for a relatively low amount of emissions. This 

was due to a different functional unit, which was based on distance travelled rather than an 

individual sensor unit. It was 64 miles to AOI 1, 21.9 miles to AOI 2, and 104.8 miles to AOI 3. 

The LCA for this was inclusive of the plane returning to its origin after deployment. It was assumed 

that the deployment of sensors would not influence total distance travelled by airplane.  
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3.6.2 Functional Units 

Identifying a comparable functional unit was a difficult but essential part of using a 

modified LCA. The literature previously sited had functional units that were not consistent and 

much larger than the scale for this study. Additionally, certain materials, such as the microphone, 

wires, and the remaining components in the sensor were not investigated due to the constraints of 

prior studies or a lack of comparable materials and functional units. These materials represented a 

small fraction of the total mass of the sensor. Converting literature values to this study’s functional 

unit made assumptions that all of the items for this proposed network had been produced in 

quantities defined in the cited literature, which would not always be the case. Compounding these 

problems, not all studies perform the same LCA impact measurements (Global Warming Potential, 

for instance) making direct comparisons difficult. The design of this study assumed that the sensors 

would not be recovered and recycled, which was an important part of the LCA process. Therefore, 

it is recommended that future studies investigate Life Cycle Inventory (LCI) literature instead of 

LCA – difference between the two is that a LCI focuses more on the materials acquisition and 

manufacturing. Conducting a LCI is an essential first step for an LCA and is often included in the 

LCA, although this is not always the case. LCI literature was investigated for this study, however 

available data was plagued by the same problems listed above for the LCA. While there were 

limitations to this approach, using available information and making inferences could be a useful 

indicator of global environmental toxicity and could create a rough estimate of overall 

environmental impact for a LCA, identifying components of a sensor early in its design that could 

be modified to reduce the impact of a sensor network. 
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4 Conclusion 

The sensor deployment framework effectively approached the triple-bottom-line objectives 

by balancing societal, economic, and environmental goals. To ensure that an event would be 

identified by a sensor network equipped with an acoustic detector with 100% certainty, a 

distribution pattern using the manufacturer’s minimum detection specifications would result in 

complete redundancy within the network AOI. It was expected that all sensors could be able to 

detect an event beyond 20 meters, but in the case that a greater confidence was needed, a safety 

factor could be applied. However, this was also the most costly solution from a materials and 

environmental impact standpoint because it would result in the most amount of sensors being 

deployed. Additionally, before a network was deployed, minimum detection distances should be 

experimentally determined. The most effective way to lower this cost was achieved by exchanging 

components with a lower local and global environmental impact, and reducing the number sensors 

deployed.  

Lowering the local and global environmental impacts of a proposed network must be 

considered by evaluating the components with a LCA and RCRA toxicity guidelines. These two 

steps would ensure that that the network would have the lowest impact from a design perspective. 

Conducting a survey of existing literature costs less than conducting a new LCA; however, the 

results often had different functional units that required conversions that were more appropriate to 

this study. Whether future studies choose to investigate existing literature or pursue an independent 

analysis will depend on the scope and budget of the project. The greatest reductions in emissions 

arose from reducing the number of sensors deployed.  

This was accomplished by using the proposed locations for a sensor network laid on a grid 

as inputs for a model determined if a sensor would survive in a given environment and the area it 
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would be able to detect an event. It is highly recommended to experimentally test the detection 

distance for a sensor in different environments to validate the model. However, if experimental 

data cannot be collected, this method offers an approximation that will serve the same purpose – 

estimating the area that a sensor will be able to detect an event. Identifying ecosystems that will 

likely result in sensor destruction drastically reduces number of sensors deployed, as seen in the 

second AOI, and identifies AOIs that should be moved a different location if possible or attempt 

to deploy sensors in a manner to avoid loss and accept environmental constraints.  

The ability of sensors to function in remote areas, where humans rarely visit, presents an 

fundamental dilemma, “How can one monitor a pristine area while minimizing impacts on the 

environment?”  This approach offers a solution to this question by taking a holistic view on sensor 

design so cost and performance can be balanced. While a person can buy a Moteino from a 

manufacturer, one could envision modifying various components of the sensor platform 

construction to lower the overall LCA costs or include alternative sensors for event detection 

where exceedance conditions need to be located and observed in real-time. 

 However, this method provides an estimate for sensor placement distances, additional 

experimental testing is necessary to ensure that detection criteria are met. While an existing sensor 

design was used for this study, the concept of estimating the effectiveness of a network in a given 

area must be applied to future monitoring networks, regardless of design, to reduce environmental 

impact. 
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5 Future Research 

5.1 Using Higher Resolution Data Sets  

Acquiring data sets with highest resolution (smallest pixel size) and formatting them to 

have the same pixel size and projection will increase the accuracy of the model and prevent 

execution errors that arose while running the analysis. These datasets would increase the time 

necessary for quantifying the environmental impact as it will increase the amount of time the model 

will take to run. Furthermore, these data sets are not publicly available and will therefore increase 

the cost of the project.  

Some of the base layers used in this thesis displayed streams that were not identified in 

land cover data sets. These streams are either perennial, too small to be detected with 30 meter 

resolution, or no longer exist. Acquiring higher resolution that include the most up-to-date 

information will be essential for minimizing errors associated with land cover designation. 

5.2 Experimentally Testing Design 

The results from this study are purely theoretical. Until the design is tested in a similar 

environment to the deployed environment, the results from the model should only serve as an 

estimate of how a sensor network will perform. Actual performance in environmental conditions 

must be evaluated as well as testing the receiving and send distances for the sensors. 

5.3 Writing a Python Script to Automate Analysis 

Much of the framework involves following a manually performed step-by-step process. 

Much of this can be automated to a single Python script hyperlinked to the required datasets. This 

will reduce the amount of time necessary to calculate results. 
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5.4 Collecting an Audio Spectrogram for Event Detection 

The training datasets for the sensor and the power spectrum of the emitted sounds were 

purely hypothetical for this study. The sound that was used in the SPreAD analysis was a dataset 

that represented a combustion engine, but the input dataset can be tailored to whatever sound is 

desired to be detected.  

5.5 Conduct a LCA Analysis and Evaluate Local Environmental Impacts 

Conducting a complete LCA will result in a more accurate analysis of the global 

environmental impact. However, since the objective of the framework was to reduce the 

environmental impact, doing a general survey of existing LCA studies will identify components 

that typically have high LCA cost. Furthermore, future studies must consider including an LCI to 

provide a better metric and comparable functional unit since this methodology focuses on the 

material acquisition and manufacturing.  Additionally, alternative methods must be investigated to 

quantify local environmental degradation beyond the toxicity criteria in RCRA regulations. This 

could include an investigation of how long it would take for the sensor would degrade in the 

environment and what the societal and chemical impacts of a sensor would be locally or create a 

quantitative risk assessment for the localized impact. 
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Appendix A 

Life Cycle Analysis for Area of Interest Networks 

Table A-1 

Life Cycle Analysis for NiMH Batteries in an Area of Interest 

NiMH Battery Units (kg) Mass (kg/kg) Sensor AOI 1 AOI 2 AOI 3 

GWP Global Warming Potential  CO2-eq 20 0.66 104.94 40.26 0 

FDP Fossil Depletion Potential  oil-eq 5.4 0.18 28.33 10.87 0 

FETP Freshwater Ecotoxicity Potential  1,4-DCB-eq 1 0.033 5.25 2.01 0 

FEP Freshwater Eutrophication Potential  P-eq 0.03 0.00099 0.16 0.06 0 

HTP Human Toxicity Potential  1,4-DCB-eq 44 1.452 230.87 88.57 0 

METP Marine Ecotoxicity Potential  1,4-DCB-eq 1.1 0.0363 5.77 2.21 0 

MEP Marine Eutrophication Potential  N-eq 0.022 0.00073 0.12 0.04 0 

MDP Metal Depletion Potential  Fe-eq 10 0.33 52.47 20.13 0 

ODP Ozone Depletion Potential  CFC-11-eq 0.000098 0.0000032 0.00051 0.00020 0 

PMFP Particulate Matter Formation Potential  PM10-eq 0.21 0.0069 1.10 0.42 0 

TAP Terrestrial Acidification  SO2-eq 0.88 0.029 4.62 1.77 0 

TETP Terrestrial Ecotoxicity Potential   1,4-DCB-eq 0.01 0.00033 0.05 0.02 0 

 

Table A-2 

Life Cycle Analysis for Enclosure in an Area of Interest 

Enclosure Units (kg) Mass (kg/kg) Sensor AOI 1 AOI 2 AOI 3 

GWP Global Warming Potential  CO2-eq 38,691.97 1.20 190.76 73.18 0 

HTP Human Toxicity Potential  1,4-DCB-eq 168,602.78 5.23 831.23 318.90 0 

POFP Photochemical oxidant formation  NMVOC 106.1 0.0033 0.52 0.20 0 

TAP Terrestrial Acidification  SO2-eq 143.35 0.0044 0.71 0.27 0 

TETP Terrestrail Ecotoxicity Potential   1,4-DCB-eq 14.46 0.00045 0.071 0.027 0 
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Table A-3 

Life Cycle Analysis for PCB Board in an Area of Interest 

PCB Manufacturing Units (kg) 1 m2 Sensor AOI 1 AOI 2 AOI 3 

GWP Global Warming Potential  CO2-eq 18.6 0.0059 0.93  0.36  0 

AP Acidification Potential  SO2-eq 0.174 0.0001 0.0087  0.0033  0 

MAETP Marine Aquatic Ecotoxicty Potential  1,4-DCB-eq 134000 42.21 6711.39  2574.81  0 

FAETP Fresh-Water Ecotoxicity Potential  1,4-DCB-eq 256 0.081 12.82  4.92  0 

ODP Ozone Layer Depletion Potential  CFC-11-eq 0.0000025 0.0000000008 0.00000013  0.00000005  0 

TETP Terrestrial Ecotoxicity Potential  1,4-DCB-eq 0.485 0.0002 0.024  0.009  0 

POCP 
Photochemical Ozone Creation 

Potential 
 Ethane-eq 0.012 0.000004 

0.00060  0.00023  0 

EP Eutrophication Potential  P-eq 0.267 0.0001 0.0134  0.0051  0 

HTP Human Toxicity Potential  1,4-DCB-eq 112 0.035 5.61  2.15  0 

 

Table A-4 

Life Cycle Analysis for Plane to an Area of Interest 

Small Aircraft Travel Units (kg) Units Per Miles Traveled AOI 1 AOI2 AOI 3 

GHG Greenhouse Gas Emissions  CO2-eq 0.302 9.66 3.31 15.82 

SOx Sulfur Dioxide (Acidification Potential) SO2-eq 0.00025 0.0080 0.0027 0.013 

CO Carbon Monoxide CO-eq 0.00078 0.025 0.0085 0.041 

NOx Nitrous Oxides NOx-eq 0.00075 0.024 0.0082 0.039 

VOC Volatile Organic Compounds VOC-eq 0.00014 0.00461 0.00158 0.0075 
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Appendix B 

Instructions for Identifying Gaps in Acoustic Detection 

1) Define the AOI (figure B-1) 

a. Create a new AOI feature class. 

b. Edit the AOI feature class and use the construction tools to define the bounds of 

the AOI. 

 

Fig B-1. AOI creation 
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2) Estimate sensor locations by using one feature class (figure B-2) 

a. With the AOI as the input, use the Fishnet tool. 

i. Use the AOI as the template extent. 

ii. Define the spacing between each sensor in a grid by defining the cell. 

length and width. For this study, these are 20 meters.  

 

 

Fig B-2. Grid creation 
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3) Topology constraints (figure B-3) 

a. Run the Slope Toolbox feature on the DEM and select degrees as the unit of 

measurement. 

b. Use the Sample tool to add the slope to the sensor locations attributes table. 

c. Begin editing sensor locations. 

d. In the attributes table, filter and delete locations exceeding the maximum. 

acceptable slope (for this design, slopes over 45⁰).  

e. Run the Bluespot model which was added to the toolbox; the bluespot models 

determined areas that will likely flood. This uses DEM data to determine low 

points that will fill with water during precipitation events. 

f. End editing and save changes. 
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Fig B-3. Topology and bluespot flowchart 

4) Land cover constraints (figure B-4) 

a. Turn on USGS land cover identifying streams and lakes. 

b. Begin editing position locations. 

c. Use the Intersect Tool to identify sensor locations that will likely be destroyed 

due to water damage in areas with wetland ecosystems or water land cover 

designations. Identified points should be deleted from sensor points layer. 

i. If sensor locations intersect with this ecosystem type, manually deploying 

sensors off the ground should be considered to avoid damage from water 

and ponding during precipitation events. 
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d. Using USGS land cover layer and the intersect tool, identify if sensor locations 

intersect with ecosystems that have dense tree leaf cover. This step was not 

included in this study. 

i.  Ecosystems with deciduous trees as the dominate species should have a 

value of sensor loss associated with an aerial deployment. This is 

accomplished by using the Subset Features tool with the estimated 

percentage lost as the subset size units input. This was planned but not 

used in this analysis. 

 

 

Fig B-4. Land cover Boolean flowchart 
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5) Meteorology constraints  

a. Daily precipitation data (figure B-5) 

i. Import daily data from relevant weather station and PRISM datasets. 

1. If a weather station falls within the 30 meter x 30 meter cell, use 

the daily precipitation value from the weather station to populate 

the cell by using the ArcMap Raster Edit Suite from Github 

(https://github.com/haoliangyu/ares) to reflect the value from the 

weather station rather than the results from the PRISM data set 

(Haolingyu, 2017). If weather station data indicates more 

precipiatation than PRISM data, preferentially use weather station 

data. Maximum daily precipitation can be downloaded from 

weather station data and can be used as a quicker metric for 

determining exceedances for a localized area. Weather station data 

can be obtained from NOAA’s Climate Data Online or from 

Weather Underground which contains historic weather data. 

ii. Use the Raster Calculator Toolbox tool and use the Iterate Tool in Model 

Builder to identify sensor locations that exist near weather stations or fall 

within the PRISM data sets to ensure that sensor locations do not exceed 

100 millimets of rain over the course of a day. 

1. Use “file name of PRISM data set”>100 and the model is shown in 

figure B-6. 

iii. If locations are identified that exceed the criteria use the edit tool on the 

sensor locations to remove these locations. 
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b. Hourly precipitation data (figure B-5) 

i. Import data from nearby weather stations that have hourly precipitation 

data, however many locations will not have this type of data available. 

ii. Use the Locate Outliers Toolbox Tool if using weather station data or 

Raster Calculator Toolbox if using PRISM data to identify sensor 

locations that 4mm of rain/hour over the course of a day. Use the Iterator 

Tool in Modelbuilder to cycle through all data sets. 

1. If Raster Calculator is chosen, use the script “file name of PRISM 

data set” > 4 and is shown in figure B-6. 

iii. If locations are identified that exceed the criteria use the edit tool on the 

sensor locations to remove these locations. 

c. Import monthly maximum temperature data from weather station and PRISM 

datasets (figure B-7) 

i. Use the Locate Outliers Toolbox or the Iterate Tool in Model Builder to 

ensure that sensor locations will not exceed 40⁰C. The Model Builder 

script is detailed in figure B-6. 

1. If weather station data is used, use the ArcMap Raster Edit Suite 

from Github (https://github.com/haoliangyu/ares) to reflect the 

value from the weather station rather than the results from the 

PRISM dataset (Haolingyu, 2017). If weather station data is 

greater than from PRISM data, preferentially use weather station 

data. Maximum monthly temperature can be downloaded from 

weather station data and can be used as a quicker metric for 
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determining localized temperature exceedances. Weather station 

data can be obtained from NOAA’s Climate Data Online or from 

Weather Underground which contains historic weather data. 

ii. If locations are identified that exceed the criteria, use the Edit tool on the 

sensor locations to remove these locations. 

d. Wind (figure B-8) 

i. Use data collected at weather stations that has been collected through 

Weather Underground from locations near sensor locations to determine 

average wind speed and wind gusts. If average wind speed or gusts exceed 

20 km/h it is assumed that the network will be mobilized if sensors are not 

secured during deployment. 
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Fig B-5. Meteorology flowchart to identify exceedances 

 

Fig B-6. Meteorology model builder to identify exceedances 
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Fig B-7. Temperature flowchart to identify exceedances  

 

Figure B-8. Wind flowchart to identify exceedances 
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6) SPreAD analysis (figures B-9 and B-10) 

a. Right click in the Toolbox to add a tool. 

b. Navigate to the location of the downloaded SPreAD toolbox and add it to the 

ArcGIS Toolbox. 

c. Set the work environment to a geodatabase located close to your desktop. 

d. Navigate in the Toolbox to the SPreAD GIS script in Sound Mapping Tools  

e. Use one or both of the following methods for the location input. 

i.  Use sensor locations that remain after the Boolean analysis as the input 

for locations.  

ii. Create a new feature class with point locations and use the Create Random 

Points tool. This method ensures that an event will be detected if 

deploying sensors in a grid is not feasible. 

f. As defined in the SPreAD manual, the sensor locations, a DEM, the worst-case 

meteorlogic data for the AOI, USGS Land Classification, and the dB level across 

1/3 octave frequencies are the inputs for the model. The model input parameters 

are also defined to the right of each parameter in the GUI interface of the Toolbox 

if there is confusion over which dataset to use.  

i. For the input Wind Speed, use the highest daily wind average as this will 

provide the worst case scenario affecting long-term network functionality.  

ii. For the frequency input, a dataset that is available on the SPreAD Google 

Drive titled frequency_table.csv. This dataset has an average dB of 68 and 

is representative of a motorized vehicle measured at 15 meters. 
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g. Run the SPreAD analysis. Be sure to select “frequencies only” for the 

summarization selection in the input. Each batch should not exceed 40 points to 

prevent computer crashes. 

h. Use the Iterate Raster in ModelBuilder to use the summed frequency results from 

the SPreAD analysis as in input to the Contour tool (figure B-11).  

Set the base contour at the threshold dB and the interval for 100. For this study, 

this was 40 dB. By setting the base contour at the desired level reduces the 

number of steps necessary to arrive at a solution. 

i. Use the Iterate Feature Class in ModelBuilder detailed in the previous step, as an 

input to the Feature to Polygon tool (Graphic B-12).  

j. If overlap of detection area is the desired metric for redundancy, use the Overlap 

Tool in Model builder to use the results from the Feature to Polygon tool and the 

sensor location feature class to identify the number of sensors that fall within the 

radius of detection for each acoustic sensor. This was not the method chosen for 

this study. 

k. Merge all of the polygon feature classes and clip the merged polygons to the AOI. 

This will indicate areas that will have problems receiving acoustic signals. (This 

step should only be conducted if initial spacing of sensors is greater than the 

minimum receiving distance of the sensors and greater than 20% of sensors are 

lost from Boolean exceedances). 

i. Assuming 80% of areas are covered, it can be assumed that the network 

will be able to detect an event in the AOI. 
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Fig B-9. SPreAD input steps 
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Fig B-10. SPreAD output steps 
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Fig B-11. Model builder raster to contour 

 

Fig B-12. Model builder contour to polygon 

7) Repeat steps 1-6 until sensor survivability and spacing requirements meet design 

expectations for a given AOI. 

8) Sum the number of points (sensor locations) in the AOI. 

9) Multiply the number of sensors by the results from the LCA to estimate global 

environmental impact. 

 


