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SUMMARY 
Municipalities are increasingly interested in using light 
detection and radar (LiDAR) technology to support a 
variety of markets, services, and planning processes. 
Consequently, they are contemplating how best to 
justify investments in improved data when not all of 
the investments’ costs and benefits are amenable to 
quantitative estimation. They are also contemplating 
who benefits from the investments and how to address 
any inequities in either costs or benefits.

This paper reviews the drivers and co-benefits of 
expanded LiDAR data investment by local government 
entities and presents a case study of forest carbon 
markets in California to illuminate how this 
investment compares to investment in the acquisition 
of field sampling and other data. The study suggests 
that LiDAR can be cost-competitive with traditional 
field-sampling approaches under certain conditions 
or assumptions, and it may offer advantages and 
some benefits that may not accrue from field-based 
approaches. In addition, the study reinforces the 
conclusion of other research that conditions, approach, 
and assumptions strongly influence analysis outcomes, 
in turn reinforcing the need to tailor analyses to the 
research question at hand. Although the case study 
lends insight into the tools available for assessing the 
costs and benefits of LiDAR data acquisition, several 
uncertainties remain, including how LiDAR and other 
improved data fit into national policy dialogues and 
program funding discussions.
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EXECUTIVE	  SUMMARY	  
As light detection and radar (LiDAR) technology matures and the price of data acquisition continues to 
fall, municipalities are increasingly employing the technology to support a variety of markets, services, 
and planning processes. They are also contemplating how best to justify their investments in improved 
data given that it often can be difficult to quantify the costs and benefits of investments that facilitate 
greater efficiency or capacity. Moreover, municipalities are considering who benefits from the 
investments and how to address any inequities in either costs or benefits. 

This paper reviews the drivers and co-benefits of expanded LiDAR data investment by municipalities and 
other local government entities. It begins with a discussion of the relative costs and benefits of LiDAR 
acquisition and utilization, emphasizing the influence of choice of estimation approach on results. The 
paper then presents a brief case study of forest carbon markets in California and a discussion of how 
investments in LiDAR data acquisition compare to investments in acquisition of other data such as field 
sampling. 

A review of techniques for assessing the value of LiDAR data acquisition reinforces the importance of 
appropriately matching them to research questions. Of existing techniques, value analysis appears to be 
particularly relevant to LiDAR investment decision making. When data availability is a concern, 
boundary value analysis provides a crude check on expenditures relative to some alternative or desired 
outcome. Both value analysis and boundary value analysis can capture the additional functionality of 
LiDAR data relative to the functionality of other sampling approaches while recognizing that the full suite 
of benefits of LiDAR data acquisition may at times be difficult to quantify.  

In the case study of LiDAR data investment for carbon measurement and monitoring in Sonoma County, 
value analysis and boundary value analysis find that the costs of field surveys for a few large or even a 
few dozen small carbon offset projects are less than those of county-wide LiDAR. Increasing the number 
of projects sampled, decreasing the average size of each project, or decreasing the standard error 
associated with returned estimates increases the cost of field surveys relative to LiDAR, at some point 
causing the cost of county-wide LiDAR to fall below the cost of county-wide field sampling. Regardless 
of what is included in the costing model, the point at which the costs of LiDAR acquisition equal the 
costs of some other survey methodology is the condition under which the boundary analysis is satisfied. 
Under this condition, LiDAR also offers a host of additional advantages and possible benefits that may 
not accrue from field-based approaches.  

Although the case study lends insight into the tools available for assessing the costs and benefits of 
LiDAR data acquisition and the application of those tools in the specific context of carbon measurement 
and monitoring, several uncertainties remain. The first is whether repetitive scan LiDAR is available to 
support continued monitoring of carbon and other natural and manmade attributes and how investment in 
temporally comprehensive repetitive scans can be better valued by decision-makers and other 
stakeholders. The second uncertainty is how improved data such as LiDAR data fit into national policy 
dialogues and program funding discussions, particularly those regarding data and monitoring programs 
like FIA and LANDFIRE. When improved information is valued, costs and their distribution across 
stakeholders are important to determine. Publically available data represent a complex question in this 
regard, necessitating attention to how these programs are funded, the added value they provide, and how 
benefits are allocated across the users and broader public.  

USE	  OF	  REMOTE	  SENSING	  IN	  ECOSYSTEM	  SERVICE	  PLANNING	  AND	  MARKETS	  
A variety of field data collection and remote sensing techniques can be used to assist municipalities in 
environmental planning. High-resolution imaging satellites such as QuickBird, IKONOS, WorldView, 
and GeoEye can provide information on the physical attributes of ecosystems. Satellite data from Landsat 
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and MODIS platforms can help estimate ecosystem production and carbon sequestration. Radar and laser-
based platforms such as LiDAR can be used to estimate stand and canopy structure, species distribution, 
and net ecosystem carbon storage. Field data are useful for calibrating remote sensing data, assessing 
local ecosystem attributes such as site condition, and expediting information gathering at the individual 
site level. 

Each technology or application has its own set of strengths and weaknesses, and not all are equally useful 
for assessing a given environmental attribute or ecosystem service (Andrew, Wulder, and Nelson 2014; 
Ayanu et al. 2012). In particular, tradeoffs exist between spatial and temporal resolution and the scale at 
which the technology is feasible for use. Field-based sampling remains the gold standard in data 
collection but, as Ayanu et al. (2012, 8529) notes, “[a]rea-wide and spatially explicit mapping of 
ecosystem services based on extensive ground surveys is restricted to local scales and limited due to high 
costs.” Mapping of those services is where remote sensing can play a particularly important role.  

Remote sensing applications, generally, and LiDAR, specifically, are well suited to quantify, map, and 
monitor ecosystem services (Ayanu et al. 2012; Andrew, Wulder, and Nelson 2014). Remote sensing can 
generate a wealth of data on physical (soil and water), biophysical conditions (plant and animal 
communities), ecological processes (biogeochemical and disturbance processes), landscape structure, 
classification, and management (Andrew, Wulder, and Nelson 2014). These data can then be leveraged to 
quantify supplies of provisioning services like agriculture or timber production, providing insight into 
crop yields, forest biomass production, and water availability (Ayanu et al. 2012). Data can also be used 
to help quantify supplies of regulatory services like soil health and air quality, proving insight into 
pollution abatement potential, terrestrial carbon storage and flux totals, flood risk, landslide potential, and 
erosion. Finally, remote sensing data can provide insight into demand for ecosystem services by assessing 
the location of population centers, resources, or key infrastructure likely to make use of them (Ayanu et 
al. 2012). 

As LiDAR technology matures and the price of data acquisition continues to fall, municipalities are 
increasingly employing the technology to support a variety of markets, services, and planning processes 
(e.g., GCN 2013). The literature documents such varied uses as tree protection ordinance implementation 
(Sung 2012), fire and fuel load modeling (Utkin et al. 2002), and renewable energy development (Nguyen 
et al. 2012; Africani et al. 2013). Individual municipalities have identified whole suites of potential uses 
for LiDAR data, including forest carbon assessment, vegetation and habitat mapping, floodplain and 
pervious surface mapping, rooftop solar power assessment, agricultural planning, sea-level-rise 
monitoring, landslide detection, infrastructure planning, fire hazard modeling, and high-quality digital 
elevation map (DEM) generation (Sonoma County 2013). Nationally, more than two-dozen business uses 
for LiDAR and other high-quality remotely sensed data have been identified (Table 1). Splitting out these 
general business uses into even greater detail leads to the identification of more than twice as many 
potential uses (Idaho Geospatial Office 2011). 
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Table	  1.	  Identified	  business	  uses	  for	  LiDAR	  and	  other	  high-‐quality	  remote	  sensing	  data 

	   Environmental	  
management	  and	  
protection	  
	  

Resource	  
development	  
	  

Community	  safety	  
	  

Community	  
development	  
	  

Individual	  
uses	  

Natural	  resources	  
conservation	  

Water	  supply	  and	  
quality	  

River	  and	  stream	  
resource	  management	  	  

Coastal	  zone	  
management	  

Forest	  resources	  
management	  

Rangeland	  
management	  

Wildlife	  and	  habitat	  
management	  

Agriculture	  and	  
precision	  farming	  

	  

Resource	  mining	  

Renewable	  
energy	  resources	  

Oil	  and	  gas	  
resources	  

Geologic	  resource	  
assessment	  and	  hazard	  
mitigation	  

Cultural	  resources	  
preservation	  and	  
management	  

Flood	  risk	  management	  

Sea-‐level	  rise	  and	  
subsidence	  

Wildfire	  management,	  
planning	  and	  response	  

Homeland	  security,	  law	  
enforcement	  and	  disaster	  
response	  

Land	  navigation	  and	  safety	  

Marine	  navigation	  and	  
safety	  

Aviation,	  navigation	  and	  
safety	  

Health	  and	  human	  services	  

Infrastructure	  and	  
construction	  
management	  

Urban	  and	  regional	  
planning	  

Real	  estate,	  banking,	  
mortgage	  and	  
insurance	  

Education	  (K-‐12	  and	  
beyond)	  

Telecommunications	  

Recreation	  

	  
Source:	  Adapted	  from	  Dewberry	  (2012).	  

The wide and varied contributions of LiDAR to multiple state and local planning and management 
objectives have in turn led to support for LiDAR data acquisition. State and local governments generally 
require data of greater resolution than that available at the national level. For this reason, they have 
expressed interest in partnering with a national LiDAR data acquisition program if they can improve on or 
“buy up” base-level data.1 Alternatively, some states are taking the lead on data acquisition to help 
implement federal programs. Through the Federal Emergency Management Agency’s (FEMA) 
Cooperating Technical Partner Program, North Carolina was designated the first cooperating technical 
state (CTS). It will assume primary ownership of and responsibility for the National Flood Insurance 
Program flood insurance rate maps (FIRMs), combining LiDAR with other digital information and field 
data to produce highly accurate topographic data (NCFMP 2012).  

This paper reviews the drivers and co-benefits of expanded LiDAR data investment by municipalities and 
other local government entities. It begins with a discussion of the relative costs and benefits of LiDAR 
acquisition and utilization, emphasizing how choice of analytical approach can influence estimates. It 
then presents a brief case study of forest carbon projects in California and a comparison of investments in 
LiDAR data with investments in other data acquisition techniques like field sampling. 
                                                        
1	  This	  information	  comes	  from	  an	  unreferenced	  National	  States	  Geographic	  Information	  Council	  2010	  survey	  discussed	  in	  Idaho	  
Geospatial	  Office	  (2011).	  
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ASSESSING	  THE	  COSTS	  AND	  BENEFITS	  OF	  LIDAR	  ACQUISITION	  AND	  UTILIZATION	  	  
Quantitative estimation of costs and benefits is a particular challenge for investments in information and 
information technology. In recognition of this challenge, a variety of workshops, analyses, and documents 
have sought to improve researchers and decision makers’ familiarity with techniques for assessing costs 
and benefits of data investments. Notable contributions include NASA (2012) and Pearlman et al. (2014). 
These summaries are particularly useful in that they provide an organizational framework for conducting 
socio-economic impact analyses of remote sensing data as well as context-setting case studies 
demonstrating how such analyses have been applied. These documents also demonstrate that it is difficult 
to create a single, universal organizing framework that adequately captures the diversity of assessment 
techniques. 

Two common ways to organize assessment techniques are by user group or by type of analysis. Beagrie 
and Houghton (2014) provide an example of the former in which they explore the techniques most 
relevant to individual user communities versus society at large. Though Beagrie and Houghton (2014) 
further array techniques within each user group by the type of analysis that is undertaken (e.g., direct, 
stated, or estimated), the user-group approach is inherently less capable of capturing the nuance of how 
each technique may be applied. The approach is, however, better suited for matching analysis type with 
analysis target. Alternatively, organizing assessment techniques by analysis type can highlight the 
advantages and disadvantages of each technique, but it will not provide context for how each relates to the 
research question or how each might be applied. An example of this type of organizational approach is 
found in Table 2. 
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Table	  2.	  Socioeconomic	  impact	  assessment	  methods 
Approach	  	   Focus	  	   Considerations	  	  

Impact	  assessment	  
Time-‐series/	  
statistical	  analysis	  	  

Comparing	  historical	  trends	  before	  and	  after	  
project	  completion	  	  

Retrospective;	  based	  primarily	  on	  objective	  data;	  therefore	  data-‐intensive	  
and	  dependent	  upon	  availability	  of	  data	  	  

Expert	  opinion	  	   Using	  expert	  judgment	  or	  prior	  analyses	  to	  
estimate	  project	  impacts	  	  

Can	  be	  retrospective	  or	  prospective;	  feasible	  in	  situations	  with	  limited	  
data,	  but	  based	  on	  subjective	  or	  proxy	  data	  	  

Value	  of	  
information	  	  

Analyzing	  decisions	  under	  uncertainty	  with	  and	  
without	  information	  from	  project	  	  

Usually	  prospective;	  requires	  availability	  and	  cooperation	  of	  decision	  
maker;	  mix	  of	  subjective	  and	  objective	  basis	  	  

Cost-‐based	  assessment	  
Benefit-‐cost	  
analysis	  	  

Comparing	  monetized	  impacts	  with	  financial	  costs	  
of	  project	  	  

Allows	  financial	  comparison	  of	  projects	  with	  different	  goals;	  requires	  
impact,	  cost	  analyses;	  monetizing	  impacts	  can	  be	  complex,	  controversial	  	  

Cost-‐effectiveness	  
analysis	  	  

Comparing	  costs	  of	  achieving	  desired	  impacts	  	   Allows	  financial	  comparison	  of	  projects	  with	  similar	  objectives;	  requires	  
both	  impact	  and	  cost	  analyses;	  does	  not	  require	  monetizing	  impacts	  	  

Impact	  monetization	  
Market	  valuation	  	   Using	  prices	  paid	  in	  open	  markets	  for	  goods	  and	  

services	  related	  to	  project	  impacts	  	  
Objective;	  requires	  market	  data;	  applicable	  only	  if	  markets	  exist	  for	  goods	  
and	  services	  related	  to	  the	  project	  impact	  	  

Standards-‐based	  
valuation	  	  

Using	  standardized	  prices	  from	  government	  or	  
industry	  for	  project	  impacts	  in	  lieu	  of	  market	  data	  	  

Can	  be	  controversial,	  depending	  on	  standardizing	  source;	  simplifies	  
monetization	  process;	  available	  for	  only	  a	  limited	  number	  of	  impacts	  	  

Benefits	  transfer	  
from	  prior	  research	  	  

Adapting	  existing	  studies	  to	  monetize	  impacts	  
similar	  to	  those	  from	  the	  project	  	  

Can	  be	  controversial,	  depending	  on	  relative	  similarity	  of	  project	  benefits	  
to	  those	  in	  prior	  research	  	  

Stated	  preferences	  
valuation	  	  

Using	  surveys,	  augmented	  by	  analysis,	  to	  estimate	  
stakeholders'	  willingness	  to	  pay	  for	  project	  
impacts	  (e.g.,	  conjoint	  analysis)	  	  

Tendency	  for	  biased	  responses	  by	  stakeholders	  who	  are	  only	  conceptually	  
spending	  money	  for	  the	  impacts;	  requires	  survey	  development	  and	  
analysis	  	  

Revealed	  
preferences	  
valuation	  	  

Using	  stakeholder	  behavior	  to	  estimate	  
willingness	  to	  pay	  for	  project	  impacts	  (e.g.,	  travel	  
cost	  analysis,	  hedonic	  analysis)	  	  

Based	  on	  actual	  behavior	  rather	  than	  conceptual	  surveys;	  relationship	  
between	  priced	  item	  and	  project	  impact	  may	  be	  indirect	  and	  thus	  
controversial	  	  

Source:	  NASA	  (2012).
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The variety of assessment approaches and organizational frameworks allows for analyses to be tailored to 
the specific situation at hand. But it complicates assessments, because stakeholders must first determine 
the most appropriate framework or approach to use. It also complicates comparisons of similar types of 
investment decisions based on different assessment approaches. To help guide decision making, these 
multiple approaches and frameworks are reviewed below in the specific context of LiDAR and other 
information investments. 

Valuing	  the	  Contributions	  of	  LiDAR:	  Lessons	  from	  Information	  Technology	  
The literature on LiDAR investment decision making is fairly thin. Much more robust is the literature on 
municipal decision making, generally, as well as on information investment and investment in spatial 
information systems (SDI) and geographic information systems (GIS). Lessons from this literature can 
guide an evaluation of the relative contributions of investments in LiDAR.  

Approaches to evaluating the costs and benefits of urban planning and decision making have been 
formalized over many decades. In the context of urban planning, Lichfield (1960) provides an early 
review of the considerations necessary to conduct a cost-benefit analysis for municipal public 
investments. He specifically discusses important differences between one-time and annually continuing 
costs (and the associated difficulty of determining appropriate discount rates). He likewise discusses the 
value of separating different groups or “social accounts” to attribute costs and benefits (and implicitly the 
distributional impacts). For evaluation of the investment decision, Lichfield suggests that analysis begin 
with known costs and that other costs be described qualitatively. When this exercise causes a threshold 
value to be exceeded, there may be sufficient justification to pursue a given course of action. 

Oftentimes, however, a more complete evaluation of indirect, intangible, or difficult to quantify benefits 
is needed. Due to the complexities of evaluating both direct and indirect (tangible and intangible) benefits 
of information systems (Walter and Spitta 2004), a significant body of literature has emerged to guide 
investment decisions.2 This literature notwithstanding, some researchers have continued to argue that 
“although there seems to be an increasing demand for studies estimating the value of information, a 
theoretically sound and empirically feasible approach seem[s] to be lacking” (Bouma, van der Woerd, and 
Kuik 2009, 1287).  

Guiding the valuation of information are a variety of potential approaches as well as rules of thumb. Van 
Wegen and de Hoog (1996) suggest that the information valuation exercise can be thought of as 
encompassing three questions: what should be valued, how is value defined, and how is this value 
measured. In a review of space-based remote sensing valuation, Macauley (2006) provides several 
general rules of thumb on the value of information, specifically that the value of information increases as 
uncertainty increases and the implications of resulting decisions grow larger, whereas the value decreases 
as the cost of both information use and the cost of a “next-best substitute” for the information in question 
increases (Macauley 2006, 275). These tradeoffs and considerations highlight the importance of decision-
making context in any evaluation. As plainly noted by Bouma, van der Woerd, and Kuik (2009, 1281), 
“information can only improve decision-making if decision-making is uncertain.” 

Also important to consider is analysis objective. Macauley (2006) demonstrates how it can influence 
choice of evaluation approach through two examples: one tracking specific line items to provide 
estimated cost reductions by cost factor and one in which the estimate is stylized and linked to 
accomplishing primary agency objectives. The first approach is better suited to indicating cost savings, 
whereas the second is better suited to indicating socioeconomic benefit. Examples of both objectives are 
reviewed below under “Specific Assessments of the Benefits of LiDAR Acquisition and Deployment.” 

                                                        
2	  See	  Macauley	  (2006)	  for	  a	  review	  of	  studies	  that	  have	  assessed	  the	  value	  of	  information	  in	  a	  variety	  of	  management	  and	  
commodity	  contexts.	  
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Many of the specific techniques used to estimate information value are derived from financial accounting 
approaches, though also represented are multi-criteria assessments and indicator approaches that either 
combine approaches or attempt to use objective measures as surrogates for more subjective aspects of the 
investment in question (Walter and Spitta 2004). Financial accounting approaches are designed to weigh 
the economic tradeoffs associated with particular courses of action and are therefore often chosen to 
evaluate the value of information and information systems investment. Complicating a direct translation 
and use of these approaches, however, is the complexity of benefits that are likely to be derived from 
information and information systems investment. For example, Nagm and Kautz (2007, 142) argue that 
financial accounting approaches are “simply not designed for the intricacies of [information systems] 
investments, which have large qualitative and intangible components.” They further caution against 
attempts to over-simplify the benefits of investment decisions in the name of generating a monetary 
estimate of otherwise intangible benefits.  

Valuing	  the	  Contributions	  of	  LiDAR:	  Lessons	  from	  LiDAR	  Acquisition	  and	  Deployment	  
As the review of techniques above would suggest, a variety of approaches have been employed to 
evaluate information and information technology investment decisions. These techniques have also been 
employed in the evaluation of LiDAR and other spatial data investments. The simplest and most 
straightforward approach consists of compiling costs of the investment and, if appropriate, the costs of 
alternative data sources. Other analyses include both costs and anecdotal information or other qualitative 
benefit indicators. Increasing in complexity are those analyses that attempt to refine benefit estimates 
through the use of stakeholder surveys or expert elicitation. Some of these analyses then incorporate 
benefit data into a follow-on boundary analysis or cost-benefit analysis. The lines dividing one type of 
analysis from another are not always clear, and the distinction does not always matter. Nevertheless 
analyses that exemplify each approach are reviewed below. 

Costs	  Only	  
Although conceptually straightforward, analysis of LiDAR cost can be complicated in reality. Factors for 
determining the type of LiDAR data needed for a particular use include the accuracy requirements for 
data, extraction requirements (points, linear features, etc.), and the end products required (triangulated 
surface, a classified LAS, and/or GIS features) (Saito 2012). Also important to consider are the ancillary 
processing and storage costs of LiDAR data acquisition. The technology can produce higher-quality 
results than traditional photogrammetric techniques, but increasing data volume and expansion of 
software processing capabilities are needed to accommodate it (Crawford and Vemula 2013). 

For these reasons, care must be devoted to correctly identifying the cost component or components most 
relevant to answering the question at hand. In their review of remote sensing technologies to assist forest 
management decision making in Oregon, Lefsky, Cohen, and Spies (2001) present only the cost of data 
acquisition, focusing the bulk of their analysis on the respective capabilities of different technologies. 
Costs play a larger role in analysis by Mumby et al. (1999), who directly consider the cost-effectiveness 
of different remote sensing technologies for coastal resource management. To present a more complete 
accounting of the full suite of costs associated with the deployment and use of different technologies, 
Mumby et al. (1999) assess data acquisition costs as well as set-up costs, including both hardware and 
software, field survey costs to validate remote sensing data, and staff time spent on analysis of field data 
and processing of imagery. An expanded analysis of technology cost is likewise conducted by Böttcher et 
al. (2009), who apportion costs into three components: data acquisition, data processing, and training and 
capacity building. This last component is particularly important given the focus of the analysis—
deploying monitoring capabilities in developing and lesser-developed countries—where education, 
training, and other forms of capacity building may be greater than in domestic technology investment 
decision-making contexts.  
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An alternative and potentially complementary approach to assessing costs is presented by van Wegen and 
de Hoog (1996). In this analysis, the authors discuss activity-based costing (ABC), drawing from graph 
theory to allocate costs across a production system. The approach allows for both costs and cost savings 
to be assigned to discrete activities, highlighting the relative and absolute opportunities for reducing 
expenditures for a given set of products or outputs. As with other cost-based approaches discussed above, 
ABC is best used when the objective is to minimize costs across some minimum set of components or for 
some minimum set of outputs. It is not capable of evaluating the array of benefits or tradeoffs that arise 
from a given investment. 

Informal	  Benefits	  Analysis	  and	  Anecdotal	  Information	  
Supplying anecdotal information on the benefits of technology investment can improve on cost analyses 
when outputs are dissimilar. In some situations, only anecdotal information, such as qualitative 
information on some new benefit or outcome of technology investment, may be available. In others, only 
information on some specific benefit may be easily quantified. For example, a broader effort to assess the 
costs and benefits associated with enhanced elevation data acquisition and deployment conducted by 
Dewberry (2012) included both quantitative estimates of discrete benefits as well as a list of other 
potential benefits that were otherwise not included in the full cost-benefit analysis (CBA). 

Stakeholder	  Survey	  and	  Expert	  Elicitation	  	  
Expanding on the anecdotal or informal benefits analyses discussed above are analyses that use surveys, 
expert elicitation, or another information-gathering approach to better estimate the benefits associated 
with technology investment decisions. Given the wide-ranging and complex benefit streams that stem 
from information technology investment, these approaches have been deployed in several prominent 
analyses. Oftentimes, these approaches are further combined with a cost-benefit or return-on-investment 
analysis to capture both costs and benefits.  

In an analysis of the benefits of GIS investment in King County, Washington, Babinski et al. (2012) used 
a survey-based approach to gauge changes in county staff productivity attributable to GIS use. With this 
information, the authors were then able to generate a with- and without-GIS net present value (NPV) and 
benefit-cost ratio estimate based on a metric of output per full-time-employee equivalent. At the national 
level, Dewberry (2012) estimates the benefits of enhanced elevation data acquisition, using survey 
responses from federal, state, local, and private sector stakeholders to populate benefit data for 27 
management objective (Table 2). Responses included both quantifiable benefit data that could be spatially 
allocated and aggregated into national estimates and anecdotal information on the benefits arising from 
increased investment in data acquisition and deployment. As in Babinski et al. (2012), these quantifiable 
data are then fed into a larger quantitative analysis of net costs and benefits. 
 
The surveys, the information they seek to collect, and the analysis they feed can also vary by study. In 
contrast to the input-cost and production-benefit surveys administered in Babinski et al. (2012) and 
Dewberry (2012), Bouma, van der Woerd, and Kuik (2009) use a survey-based approach in a Bayesian 
decision theory framework to assess the benefits of augmenting in situ water quality measurements with 
satellite data. Use of a Bayesian framework allowed the authors to model how a rational resource 
manager’s decisions change under conditions of reduced uncertainty. The value associated with better 
anticipating resource management needs was then compared to the costs of data acquisition to generate an 
estimate of the social return on investment in improved data. 

Boundary	  Value	  and	  Value	  Analysis	  
In some situations, a full and complete estimate of benefits is unnecessary; all that is required is that the 
benefits achieve some minimum level or satisfy some critical or boundary condition—for example, some 
minimum improvement above the next-best alternative (Farbey, Land, and Targett 1992). In these 
situations, the approach can be simple, like the informal or anecdotal approaches described above. 
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Alternatively, it may also consist of an in-depth analysis of the various alternatives along a subset of 
attributes. In their survey of forest structure on the Malheur National Forest in Oregon, Hummel et al. 
(2011) compared LiDAR, Landsat, and field data, finding both the costs and accuracy of LiDAR to be 
similar to those of traditional field-based sampling techniques at the individual-stand level. An important 
benefit of LiDAR was its capacity to generate information at much larger scales and to aid fuel reduction 
targeting efforts, thus providing a net benefit for resource managers (Hummel et al. 2011). 

Value analysis is, as the name suggests, most concerned with the benefits or value associated with a 
particular investment and less so with the costs (Farbey, Land, and Targett 1992). Intangible benefits are 
an important consideration in this technique, necessitating care in their estimation. Past instances of value 
analysis have used the Delphi method and user surveys as means to estimate the value of particular 
investments (Farbey, Land, and Targett 1992; Money, Tromp, and Wegner 1988). Such techniques can 
improve the rigor and replicability of these assessments, but, as noted above, they also increase time 
requirements and costs. 

Cost-‐Benefit	  Analysis,	  Return	  on	  Investment,	  and	  Other	  Comparative	  Approaches	  
Once data on costs and benefits have been assembled, the two can be compared with CBA, ROI, NPV, or 
other similar approaches. Though CBA, ROI, and NPV all compare both costs and benefits to report a 
single metric, they calculate that metric in different ways. CBA-type approaches often compare general 
magnitudes of values for both costs and benefits and report the balance. A positive number suggests that 
an investment generates greater benefits than costs, whereas a negative number suggests the opposite. 
Output may also be expressed in a ratio form (benefits/costs), where a value of one implies that benefits 
and costs are equal, a value greater than one implies that benefits exceed costs, and a value less than one 
means that costs exceed benefits. Use of ratios instead of absolute comparisons can be helpful when the 
magnitude of investment is not equal across the compared scenarios.  

Other approaches seek to estimate the value of a stream of costs and benefits, often comparing the output 
with some default or alternative rate of return. For example, ROI, a percentage-based estimate, measures 
the benefits yielded by each unit of investment or cost. Unlike CBA-type estimates, which are usually 
evaluated on a positive-negative basis, ROIs are generally compared against some minimum alternative 
rate of return (10%, for example). If the calculated ROI is greater than this benchmark value, the 
investment is deemed to be worthwhile. NPVs evaluate the present-day value of a future stream of costs 
and benefits, adjusting expected future cost and benefit flows by some assumed discount rate. Although 
both ROI and NPV approaches allow evaluation of costs and benefits over time and in comparison to 
some alternative investment, selection of the appropriate discount rate or benchmark value complicates 
the analysis.  

Analyses employing CBA, ROI, NPV, and other similar measures are fairly common. One prominent 
example, Dewberry (2012), bases its benefit estimates on a survey of potential uses, categorizing them as 
those used for estimating CBA and those with other potential benefits. The first category, used in the 
CBA itself, includes benefits that are conservatively estimated and that are tied to specific geospatial 
information and data files so as to facilitate spatial allocation and aggregation. Importantly, these 
estimates do not include information on benefits that accrue to local municipalities. Nor do they include 
benefits accruing to individual surveyors and other users, who represent the majority of data downloads. 
Furthermore, approximately half of surveyed federal, state, and NGO managers were unable to 
quantitatively estimate the value of benefits stemming from the availability of enhanced data (Dewberry 
2012). The second category of benefits, “other potential benefits,” is largely comprised of qualitative 
information. A limited assessment of municipal benefits is likewise included here, though the study is 
quick to point out that survey responses were received from a small percentage of total counties (1.8%), 
regional councils (<4.8%), cities and towns (<0.05%), or tribal entities (1.9%) (Dewberry 2012).  
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Though Dewberry (2012) represents one of the more ambitious attempts to estimate the value of data and 
infrastructure investment, multiple other examples exist. Craglia and Campagna (2010) employ a 
methodology similar to Dewberry (2012) but in the specific case of spatial data infrastructure investment 
in two European subregions. As noted above in the context of surveys and expert elicitation, Babinski et 
al. (2012) assess the NPV of GIS investment in King County, Washington, finding significant benefits 
accruing to the county even under the study’s most conservative assumptions. 

Determination	  of	  a	  Preferred	  Approach	  
As imperfect as many of the above approaches may be for the evaluation of information and information 
systems investment, some form of analysis is nonetheless necessary to inform decision making (Farbey, 
Land, and Targett 1992). Acknowledging the inherent strengths and weaknesses associated with several 
of the most often used approaches is important (Table 3). Particular strengths and weaknesses will vary 
by approach, implying that no one single approach will always be best for all situations (Walter and Spitta 
2004; Farbey, Land, and Targett 1992; Nagm and Kautz 2007). For example, Farbey, Land, and Targett 
(1992) discuss three methods appropriate to use when indirect and qualitative aspects are expected to 
dominate and are of particular relevance in the case of LiDAR investment decision making: ROI, 
boundary values, and value analysis. These are approaches best suited to situations with unpredictable 
requirements and ad hoc process requirements with a reduced emphasis on numerical basis for decision 
making. CBA is best suited to situations in which a more formalized decision-making process exists—
situations in which requirements are relatively well known and in which numerical estimates are of 
relatively great importance.  

Table	  3.	  Strengths	  and	  weaknesses	  of	  five	  financial	  evaluation	  methods	  in	  information	  systems	  
investments	  
 
	   Description	   ROI	   BCA	   NPV	  
Strengths	   Results	  easy	  to	  understand	  

Emphasis	  on	  monetary	  gains	  
Clear	  ‘value’	  proposition	  
Able	  to	  cross	  compare	  projects	  

*	  
	  
*	  
*	  

*	   *	  
	  
*	  

Weaknesses	   Difficult	  to	  include	  intangible	  benefits	  
Inability	  to	  handle	  strategic	  projects	  
Difficult	  to	  determine	  discount	  rate	  
Does	  not	  deal	  well	  with	  uncertainty	  

*	   *	  
*	  
	  
*	  

*	  
*	  
*	  
	  

	  
Source:	  Adapted	  from	  Nagm	  and	  Kautz	  (2007).	  

The above-noted approaches are reviewed in the context of information and information technology, but 
the findings are translatable to GIS applications, to remote sensing technologies, generally, and to LiDAR 
specifically.3 For a variety of reasons, value analysis is particularly relevant to LiDAR investment 
decision making. In assessing the indirect, qualitative, or intangible benefits or value added by an 
investment, the approach necessarily draws on diverse sets of data such as expert elicitation. Boundary 
values are likewise useful to consider because they provide a “crude check” on expenditures relative to 
some alternative or desired outcome. Both approaches can benefit the evaluation of LiDAR investment 
decisions by appreciating the additional functionality created by LiDAR data acquisition over other 
sampling approaches (value analysis) while also recognizing that the full suite of benefits may at times be 
difficult to quantify (boundary value analysis).  

                                                        
3	  Despite	  their	  similarities,	  examples	  are	  not	  perfectly	  translatable	  across	  different	  applications,	  GIS	  v.	  SDI,	  for	  example	  (Craglia	  
and	  Nowak	  2006).	  
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Ultimately, the choice of methodology is not a matter of simply selecting the most complex or involved 
approach available. As shown in Table 3, it is important to match the technique with the question in mind 
or the desired outcome. In the specific case of municipal investment of LiDAR data, boundary value-type 
approaches may ultimately prove to be most useful for two reasons: the existence of critical attributes or 
minimum required benefits and the practical difficulty of acquiring robust data on the ancillary benefits of 
data acquisition. As noted above, targeted surveys can be helpful in creating such datasets, but they are 
complex and time-consuming undertakings. As argued by Bouma, van der Woerd, and Kuik (2009), a 
large number of responses are necessary to adequately capture the full range of values and perspectives 
associated with improved data acquisition and deployment. Although robust, these exercises can prove 
costly and time consuming and may thus be untenable in some situations. But when time and resources 
are available, expanded data collection can increase the rigor and replicability of the analysis. 

CARBON	  DATA	  ACQUISITION	  AND	  THE	  PRICE	  OF	  PRECISION	  
Investment in LiDAR for the purpose of forest carbon measurement and monitoring represents a relevant 
and interesting case study on how to evaluate the costs and benefits of data investment in an established 
but growing ecosystem service market. In this respect, forest carbon offset markets present several 
advantages over other nascent or emerging ecosystem service markets. First, there are established forest 
carbon sampling methodologies against which to assess the benefits of LiDAR data acquisition. Second, 
there are data on prices and trade volumes to assess the financial implications of expanded forest carbon 
market opportunities. Third, there are established rules or protocols to help define a reasonable case study 
and to frame the terms of the analysis. Fourth, the analysis here is supported by the existence of several 
other comparative analyses in the literature.  

The case study below leverages these strengths and builds on previous works to evaluate data acquisition 
investment from the perspective of state and municipal decision makers. It specifically assesses the 
incremental economic impact of various measurement and monitoring approaches and places these 
findings in larger state, national, and international policy contexts that could drive their deployment. Of 
particular relevance is the so-called price of precision, or the value gained by reducing either the cost 
associated with returning an estimate or the error associated with the estimate. A better understanding of 
the influence of LiDAR data acquisition on forest carbon price of precision can further guide the 
development of integrated Carbon Monitoring System (CMS) development, which in turn may have 
positive implications for private business decision making, municipal planning, state environmental 
policy implementation, and federal and international policy and market development efforts.  

LiDAR	  and	  the	  Assessment	  of	  Forest	  Change	  and	  Condition	  	  	  
There are multiple approaches for generating downscaled estimates of forest structure, forest carbon 
stock, and forest condition change. Assessments may begin from the ground up through the use of site-
specific plot inventory data. Alternatively, downscaled data may be imputed or disaggregated from 
broader regional or national data. The two approaches are often combined using field data from sample 
plots to parameterize remotely sensed data. Each of these strategies has strengths and weaknesses with 
regard to cost, technology and infrastructure requirements, and detectable attributes. 

It is therefore not surprising that several comparative analyses of LiDAR and other data acquisition 
approaches already exist in the literature and in practice. Because these studies emerged over more than a 
decade, the attributes of the specific technology used in each are different, as are the timing and location 
of each study. The units of comparison—generally limited to forest stand structure—likewise vary among 
the studies. They are nonetheless informative because they provide guidance on approach and a general 
indication of observed trends. For example, Hayashi, Weiskittel, and Sader (2014) and Wulder et al. 
(2012) find that LiDAR is generally useful as a supporting tool for on-the-ground forest management. 
Hudak et al. (2012) find that repeat LiDAR surveys are useful for forest biomass and carbon change 
detection. Kane et al. (2014) similarly explore the use of LiDAR for change detection, specifically post-
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disturbance impact assessment, finding that LiDAR in conjunction with Landsat data and in the absence 
of corresponding field measurements can be helpful in exploring simple forest structure attributes (e.g., 
canopy height and clump size) following fire. Others caution that some remote sensing technologies are 
more appropriate for use in some systems than in others (Goetz et al. 2009; Wilson, Woodall, and Griffith 
2013). Still others note that the benefit of LiDAR is improved accuracy and not necessarily the reduced 
cost of field sampling (Kelly 2009). 

More directly relevant to the question at hand are those studies that specifically compare the deployment 
of multiple tools for forest condition, change detection, or both. Lefsky, Cohen, and Spies (2001), for 
example, compared LiDAR applications (SLICER-Scanning Lidar Imager of Canopies by Echo 
Recovery) with several other remote sensing applications, finding that LiDAR predicted forest structure 
better than TM, ADAR, or AVIRIS, although a small LiDAR sample size prevented the researchers from 
reaching a definitive conclusion. For basal area and tree biomass, they found that multitemporal Landsat 
out performed ADAR/AVIS and single-date Landsat in predicting a variety of forest stand attributes. For 
forest stand age, diameter at breast height, and maximum stand height, Lefsky, Cohen, and Spies (2001) 
found no observable differences in technologies’ capabilities but noted that use of Landsat TM had 
distinct administrative and logistics advantages regarding cost, established literature, storage 
requirements, and so on. Importantly, the authors note that the choice of remote sensing platform will 
hinge on the forest attributes of greatest interest and that the largest impediments to greater use of LiDAR 
are the high cost and limited availability of equipment at the time of the article. 

Lefsky et al. (2002) compare LiDAR technology (SLICER) with corresponding field measurements, 
finding no significant bias between various LiDAR measures of canopy structure and data from field 
measurements. The authors argue that there is potential to use simple equations to translate information 
on canopy structure as estimated by LiDAR into reasonable estimates of above-ground forest biomass, 
though this conclusion is heavily caveated, especially as it pertains to other forest systems (e.g., tropical). 

More recently, Sexton et al. (2009) conducted a comparison of canopy height as estimated by field 
measurement, LiDAR, SRTM, and GeoSAR across hardwood and pine systems in North Carolina. They 
find that LiDAR data are preferable to field data for calibration of pine canopy height data and that 
LiDAR data are best deployed at the scales of up to several million hectares. They argue that field 
sampling is preferable for small areas due to its speed, ease, and low cost, whereas GeoSAR is preferable 
for larger areas due to economies of scale. 

In an analysis of data from two California research locations, Gonzalez et al. (2010) found that LiDAR 
had lower uncertainties than high-resolution QuickBird satellite data. They specifically found that forest 
carbon density estimates were lower with Quickbird than with LiDAR and with higher uncertainty. 
Gonzalez et al. (2010) conclude that QuickBird is precise but inaccurate, pointing to “a systematic 
undercount of trees and underestimation of carbon density” (1572). The authors point out that, although 
LiDAR acquisition was initially more administratively difficult than QuickBird, additional issues 
encountered with QuickBird suggest a need for image-by-image processing, increasing time and expense. 

In their analysis of alternative data acquisition techniques to inform forest and landscape management, 
Hummel et al. (2011) assess both the cost and accuracy of LiDAR, Landsat, and stand-level field data. 
They compile per-acre costs for both data techniques, including both pre- and post-processing costs, along 
with statistics on important stand characteristics (e.g., basal area, total biomass, trees per acre, stand top 
height). Importantly, they found insufficient evidence LiDAR-derived and field-derived estimates of 
various forest stand characteristics were statistically different. 

Collectively, the above analyses support the hypothesis that LiDAR can possess tangible logistical 
advantages over field sampling and other data acquisition approaches. The value added by LiDAR is 
often case specific, however; different analyses suggest different roles for the technology ranging from 
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secondary decision support to primary data acquisition over wide areas. These findings further reinforce 
the notion that any economic assessment of LiDAR data investment should be considered on a case-by-
case basis. 

Comparative	  Analysis	  of	  Forest	  Carbon	  Assessment:	  The	  Example	  of	  Sonoma,	  California	  
Research has found that the guidelines governing the development and implementation of carbon offset 
projects can influence the amount of carbon credits claimed by a project developer (Pearson, Brown, and 
Andrasko 2008; Galik, Mobley, and Richter 2009; Foley, Richter, and Galik 2009). Research also 
indicates that transaction costs—the costs associated with implementing offset projects and bringing the 
resulting carbon to market—can also be important determinants of project viability (Galik, Cooley, and 
Baker 2012; Galik and Cooley 2012). Despite the information generated in these and other studies, this 
question remains: how can offset program requirements, especially those related to measurement, 
monitoring, and verification (MRV), be designed to yield the greatest levels of program integrity at the 
least cost? At the international level, MRV capacity remains a critical issue in the debate over the sectors 
and activities to be included in national and sub-national greenhouse gas (GHG) mitigation policies and 
programs (Olander, Galik, and Kissinger 2012).  

The important linkages among sampling design, observed forest carbon, technical feasibility, and market 
eligibility raise important questions for the design of MRV systems. A case study in Sonoma County, 
California, shows how MRV design decisions—specifically the choice of data acquisition strategy—can 
influence the economics of forest carbon monitoring. This case study warrants examination for several 
reasons. One is that in Sonoma County a variety of state policies have the potential to influence data 
acquisition decision making, whether to support integrated transportation planning pursuant to SB 375, 
development of local coastal plans in partnership with the California Coastal Commission, or tracking of 
local or regional GHG emissions under AB 32. 

A second reason is that the county is taking action to engage data users and land managers “to create, 
maintain, and analyze high-quality, fine-scale vegetation and habitat data for Sonoma County” (Sonoma 
County, 2012). Over the last several years, the Veg Map program has conducted extensive user outreach, 
developed an online data infrastructure, and undertaken new data acquisition and delivery efforts. The 
program is expected to improve planning and management of the natural and built environment. 
Specifically, the county notes that improved data “are key to facilitating good planning and management 
for watershed protection, flood control, fire and fuels management and wildlife habitat conservation. 
These data are also critical to assessing climate mitigation and adaptation strategies and benefits provided 
by the landscape, such as the amount of carbon sequestration in forests or the degree to which riparian 
areas, floodplains, and coastal habitats may buffer extreme weather events” (Sonoma County 2016). 

It is beyond the scope of this analysis to evaluate the costs and benefits of accomplishing the full suite of 
objectives that have been identified for Sonoma County. Instead, the focus is examination of the so-called 
price of precision of forest carbon measurement. This exercise can be thought of as either minimizing cost 
at a specified precision or minimizing variance at a specific level of investment (Köhl et al. 2011). The 
analysis specifically emphasizes the former, comparing the cost associated with acquiring data on forest 
systems in Sonoma County through both traditional field sample approaches and county-wide LiDAR. It 
provides a rough indication of the comparative advantages of alternative approaches for facilitating forest 
carbon mitigation activities, and it highlights the conditions under which investment in county-wide 
LiDAR data acquisition may be most cost-effective. 

Methods	  and	  Materials	  
Drawing from the literature above, a simplified boundary and value analysis is conducted to assess the 
comparative advantages offered by LiDAR. For the boundary analysis, the costs of LiDAR data 
acquisition at the county level are compared with traditional field sampled data acquisition. This analysis 
is augmented with a value analysis documenting the above-discussed ancillary and co-benefits of LiDAR 



 

15	  

data acquisition and ways that they can facilitate efforts to plan for and manage ecosystem services in 
Sonoma County.  

The boundary analysis is based on a comparison of costs to survey a collection of hypothetical carbon 
mitigation projects in Sonoma County. These projects could take the form of an improved forest 
management project under the California Air Resources Board’s 2015 Compliance Offset Protocol for 
U.S. Forest Projects (Air Resources Board 2015). Alternatively, they could arise from efforts by Sonoma 
County or some other public entity to better document the amount of carbon present in forest systems in 
furtherance of local and regional GHG reduction under AB 32. Although the analysis does not specify the 
context in which these projects take place, that context can influence the allowable precision of the 
activity, the economic benefits generated by the activity, or both. Because both are highly variable and 
situation-specific, they are not particularly relevant to the stylized example presented here. 

Project	  Overview	  and	  Data	  Acquisition	  
The comparative analysis begins with a series of assumptions about the hypothetical forest projects and 
their starting conditions. It assumes that the projects take place in Sonoma County and are similar in 
composition to U.S. Forest Service Inventory and Analysis (FIA) output for the North Coast Region, the 
survey unit within which Sonoma County is located. Data on forest composition was downloaded through 
a FIA FIDO-generated custom report of standing carbon by ownership class and tree species group (U.S. 
Forest Service 2014). These data were augmented by a ColeLite query of mean carbon storage per hectare 
by forest type (Carbon Online Estimator 2014). Though both queries are derived from FIA data, the form 
of the output differs, necessitating minor adjustments to make estimates comparable. Specifically, the 
analysis combines the percentages of red alder and other western hardwood FIDO tree species groups to 
improve alignment with the alder/maple category returned by the ColeLite query. To make the analysis 
more tractable, the approximately 3% of total carbon in tree species groups that individually make up less 
than 1% of forest carbon are reallocated to the largest tree species group, Douglas fir. The resulting 
distribution of forest carbon across tree species group is shown in Table 4. 

Table	  4.	  Distribution	  of	  aboveground	  carbon	  in	  live	  trees	  and	  sampled	  plots	  in	  North	  Coast	  California	  
by	  tree	  species	  group	  
 
Forest	  type	   Percentage	  of	  total	  carbon,	  

North	  Coast	  California	  
Mean	  carbon	  storage	  
(tonnes/ha)	  

Standard	  deviation	  of	  
the	  mean	  (tonnes/ha)	  

Other	  western	  
softwoods	  

	  
1.2%	  

	  
384.9	  

	  
161.1	  

True	  fir	   2.0%	   264.3	   42.3	  
Oak	   9.9%	   178.23	   137.6	  
Redwood	   21.4%	   312.29	   197.3	  
Red	  alder	  and	  other	  
western	  hardwoods	  

	  
27.9%	  

	  
244.82	  

	  
65.4	  

Douglas	  fir	   37.7%	   351.99	   244.3	  
	  
Source:	  Underlying	  data	  derived	  from	  U.S.	  Forest	  Service	  (2014)	  and	  Carbon	  Online	  Estimator	  (2014).	  

If it is assumed that total carbon in the tree species groups reported in Table 4 is proportional to the 
occurrence of these groups, the combined output from FIDO and ColeLite queries can be used as a 
snapshot of forest condition and distribution in the region. This obvious over-simplification of the 
distribution and composition of forests in Sonoma County nonetheless allows for parameterization of 
hypothetical forest projects in a way that is at least informed by present conditions. 
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Assessment	  of	  Survey	  Costs	  
The costs of establishing and implementing an inventory derived from field sampling are estimated in part 
using the Winrock Terrestrial Sampling Calculator (Walker, Pearson, and Brown 2007). The sampling 
calculator indicates the approximate costs of a field-sampling regime at a set level of precision for a 
project of a set size and composition. It uses both user-defined project and cost parameters as well as 
hard-wired equations and default values to estimate both the number of field plots required as well as the 
costs to establish and repeatedly sample these plots.  
 
The sampling calculator is parameterized using the forest composition information shown in Table 4. The 
analysis assumes that each tree species group represents a unique stratum in the hypothetical forest 
project. The size of each stratum is determined by multiplying an assumed project size by the relative 
abundance of that species group as determined by its share of total regional carbon. Project sizes are 
determined by taking the rounded midpoint of each project size class listed in Table 8.1 of Air Resources 
Board (2015). This method yields project sizes of 20 hectares (ha), 120 ha, 1200 ha, and 3000 ha. A 
maximum project size of 5000 ha is also assumed. Allowable standard error for the hypothetical project is 
likewise based on the different levels of confidence deductions allowed under Air Resources Board 
(2015), or 5%, 10%, and 15% at a 90% confidence level. Although the analysis does not assume that the 
hypothetical projects are being implemented solely to generate offset credits pursuant to established 
California protocols, break points or categories contained in the forest offsets documentation are still used 
as a guide to help inform project parameters. 

This array of project sizes and allowable standard errors creates a matrix of 15 project configurations. The 
costs to establish sample plots and to repeatedly sample each project configuration are then estimated 
using the sampling calculator and assumed project costs as described in Table 5. These event-based costs 
are then compiled into a 100-year time series of events to assess the NPV of sampling costs across the 
entire lifetime of the hypothetical project. Financial and sampling event assumptions necessary to 
estimate sampling NPV are likewise contained in Table 5.  
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Table	  5.	  Unit	  costs	  and	  financial	  assumptions	  used	  to	  establish	  measurement	  costs	  and	  100-‐year	  NPV	  
of	  monitoring	  regime	  
 
Financial	  assumptions	   	  	   	  	  

Discount	  Rate	   5%	  
	  Inflation	  Rate	   3%	  
	  Sampling	  Interval	   6	   years	  

Fixed	  costs	   	  	   	  	  
Travel	   $5,000	   /project	  

Variable	  costs	   	  	   	  	  
Labor	  

	   	  Crew	  Leader	   $20.00	   /hr	  
Secondary	  Crew	   $15.00	   /hr	  

Living	  expenses	   	  	   	  	  
Accommodation	   $150.00	   /day	  
Per	  diem	   $50.00	   /day	  

Equipment	  use	   	  	   	  	  
Truck	   $100.00	   /day	  
ATV	   $0.00	   /day	  
Fuel	   $3.00	   /gallon	  
Communication	   $1.00	   /day	  
Computer	   $5.00	   /day	  
GPS	   $2.00	   /day	  
Other	   $0.00	   /day	  

Supplies	   	  	   	  	  
Field	  supplies	   $8.00	   /plot	  
Other	   $3.00	   /plot	  

Analysis	   	  	   	  	  
Bulk	  density	  analysis	   $15.00	   /plot	  
Shipping	   $3.00	   /plot	  

Time	  to	  complete	  tasks	   	  	   	  	  
Travel	  time	  between	  plots	   10	   minutes	  
Time	  spent	  at	  plot	   40	   minutes	  
Plot	  establishment	  time	   10	   minutes	  
Travel	  time	  to	  site	   1	   day	  

	  
Source:	  Costs	  are	  partially	  derived	  from	  default	  values	  contained	  in	  Walker,	  Pearson,	  and	  Brown	  (2007).	  

The matrix of project costs is then compared to the cost of county-wide LiDAR data acquisition. For the 
purposes of this analysis, it is assumed that the costs of LiDAR acquisition and post-processing were $1 
million and that an estimate of carbon biomass of similar mean and within the standard error of assumed 
field plots was returned. 

Results	  and	  Discussion	  
There are multiple ways to view the tradeoffs between LiDAR data and field-sampled data. One is the 
relative cost of collecting each. As expected, the per-area costs associated with field monitoring vary as a 
function of both the size of the project and the necessary precision of the resulting estimates (Figure 1). In 
general, surveys of relatively small project sizes that achieve estimates with relatively small standard 
error cost more to conduct than surveys of larger projects or surveys that allow for higher standard errors. 
This result is unsurprising, because there is a strong relationship among the number of field plots needed 
to achieve a given standard error, the number of plots needed to survey a set number of strata, and the 
costs of the resulting survey. Assuming that field verification must be repeated every six years for 
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registered carbon projects (e.g., Air Resources Board 2015), the NPV of continually monitoring a project 
varies substantially by targeted standard error but not by project size: assuming an inflation rate of 3% 
and a discount rate of 5%, the 100-year costs of monitoring a project for estimates with a 5% standard 
error is $465,430, $160,119 for estimates with a 10% standard error, and $92,714 for estimates with a 
15% standard error. The per-area differences shown in Figure 1 are minimized for projects seeking to 
achieve similar standard errors due to the relatively higher number of plots required for smaller projects 
than for larger projects.  

Figure	  1.	  Per-‐area	  costs	  of	  multiple	  project	  configurations	  
 

 

Note:	  Also	  shown	  are	  the	  equivalent	  number	  of	  hectares	  assessed	  at	  a	  cost	  similar	  to	  CMS	  LiDAR	  acquisition	  (assumed	  here	  to	  
be	  $1	  million).	  

Figure 1 also shows the corresponding number of acres that could be surveyed by LiDAR at the per-acre 
costs of each project configuration (assuming a cost of $1 million for county-wide data collection and 
processing). Stated another way, if the funding used to acquire LiDAR data was used instead to conduct 
field surveys on 5,000-hectare projects with a standard error of 10% on the resulting estimates, it would 
support survey work on roughly 220,000 hectares (an area greater than is currently forested in the 
county). However, if the funding used to support LiDAR was targeted to conduct field surveys of 1,200-
hectare projects with a 10% standard error, it would support the survey of only some 52,000 hectares. 
Viewing the investment decision from a different perspective, acquisition of LiDAR data for the county 
cost about as much as sampling 44 120-hectare projects at a 10% standard error, at least under the project 
conditions and assumptions employed here. 
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On the basis of this comparison, justification can be seen for findings elsewhere (e.g., Sexton et al. 2009) 
that LiDAR and other remote sensing applications possess advantages for large-area surveys. In the 
Sonoma County example explored here, the costs of field surveys for a few large or even a few dozen 
small carbon offset projects are less than that of county-wide LiDAR. Increasing the number of sampled 
projects, decreasing the average size of each project, or decreasing the standard error associated with 
returned estimates increases the cost of field surveys relative to LiDAR, at some point causing the cost of 
county-wide LiDAR to fall below the cost of field sampling.  

In addition to differences in costs across survey techniques, data acquisition has additional implications 
for the economics of carbon offset projects if standard errors or observed carbon vary by survey 
methodology. Changes in observed carbon storage can influence the basis against which subsequent 
increases in carbon storage are compared, either increasing or decreasing the amount of carbon credits a 
project may generate. The current ARB forest offset protocol also places a confidence deduction on 
reported estimates on the basis of the reported standard error (Air Resources Board 2015). No deduction 
is made for standard errors estimated to be 0% to 5%, whereas a deduction equal to the estimated standard 
error minus 5% is made for standard errors of 5.1% to 19.9%. Projects with standard errors of 20% and 
above are disqualified from producing offset credits. Cost efficiencies generated through either remote 
sensing applications or field sampling could therefore be either counteracted or compounded by changes 
in the amount of carbon that is deducted from awarded credits.  

Regardless of what is included in the costing model, the point at which the costs of LiDAR acquisition 
equal the costs of some other survey methodology is the condition under which the boundary analysis is 
satisfied. At this point, further evaluation of co-benefits is unnecessary so long as they are assumed to be 
greater than zero. For Sonoma County, this assumption is reasonable; co-benefits include, for example, 
work associated with natural resource planning, conservation, disaster preparedness and climate 
adaptation planning, public works projects, and hydrologic and watershed assessments (Sonoma County 
2016). At the state level, Dewberry (2012) reports major benefits of deploying LiDAR to assist in these 
efforts and specifically estimates the state-wide value of wildfire management and geological resource 
and hazard assessment alone at more than $16 million per year. Though specific values for Sonoma 
County are not included in Dewberry (2012), nearby Marin County reports annual potential benefits of 
river management and urban planning applications of LiDAR data to be worth approximately $95,000. 
These results are rough proxies for the value of such investments in the specific case of Sonoma County, 
but it is apparent that there is significant value in LiDAR data acquisition beyond the point at which the 
carbon sampling costs for LiDAR are equivalent to field sampling. However, further quantification of that 
value is beyond the scope of this case study. 

SUMMARY,	  CONCLUSIONS,	  RESEARCH	  NEXT	  STEPS	  
The increasing number of obligations and opportunities facing cities and municipalities requires an 
improved understanding of the tools available for decision support. The recent emphasis on ecosystem 
service management and landscape-level planning efforts further necessitates a particular type of data: 
high-resolution data available for large areas with relatively short return intervals. Uniquely suited to 
these applications are remote sensing applications, generally, and LiDAR, specifically. The questions 
explored here are the extent to which LiDAR can economically compete with traditional data acquisition 
techniques such as field sampling and how such an assessment can be conducted. 

Simplified as it may be, the assessment above does generate several initial conclusions. The first is that 
LiDAR can be cost-competitive with traditional field-sampling approaches under certain conditions or 
assumptions. Under these conditions, LiDAR also offers a host of advantages and potentially some 
benefits that may not accrue from field-based approaches. A second conclusion is that economies of scale 
would create greater advantages if data acquisition efforts were used to facilitate smaller-scale activities. 
A third conclusion is that these conditions and assumptions strongly influence the resulting analysis, and 
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other conditions could yield alternative outcomes. The mean and standard deviation of forest carbon 
storage used in this analysis are derived from FIA data, and they are assumed to be reasonable proxies for 
conditions observed in the hypothetical projects explored above. In reality, patterns of forest occurrence 
and forest carbon storage may vary from project to project. Even altering the method by which data is 
collected has the potential to influence both observed aggregate carbon totals and their disposition across 
a given area (e.g., Houghton et al. 2001).  

Several uncertainties remain. The first is the availability of repetitive scan LiDAR to support continued 
monitoring of carbon and other natural and man-made attributes. The present opportunity to develop a 
CMS brings with it a single county-wide scan, but unassessed here is how investment in new and 
temporally comprehensive repetitive scans can be better valued by decision makers and other 
stakeholders, particularly when a greater number of technology attributes (e.g., technology and resolution 
over time, differing return intervals) are considered. As noted elsewhere, temporal and spatial accuracy 
are both important attributes, and annual data are of particular relevance and importance to managers and 
stakeholders (Wilson, Woodall, and Griffith 2013). 

There is also the question of how improved data such as LiDAR fits into national policy dialogues and 
program funding discussions, particularly those regarding data and monitoring programs like the FIA and 
LANDFIRE. When valuing improved information, it is important to consider the aggregate cost and 
distribution of costs across stakeholders. In the context of publicly available data, it is also important to 
consider how data and monitoring programs are funded, what added value these programs provide, and 
how benefits are allocated across users and the public at large. Owing to this complexity, print- and 
workshop-based outreach efforts have emerged to help guide researchers and practitioners on how best to 
quantify the socioeconomic benefits of improved publicly available information (NASA 2012; Pearlman 
et al. 2014). 

Finally, this analysis makes a number of assumptions so as to compare the cost of alternative data 
acquisition techniques. As seen in other studies of remote sensing data acquisitions, these assumptions 
have the potential to strongly influence the outcome of the resulting analysis (e.g., Hummel et al. 2011). 
For example, relatively few project strata could either reduce or increase the number of required field 
plots, depending on the assumed standard deviation of the chosen forest type. The influence of 
assumptions on analysis outcomes reinforces the need to tailor analyses to the situation at hand. In the 
case of LiDAR investment in Sonoma County, future analysis should explore an expanded dataset of data 
acquisition costs, LiDAR data attributes, and ancillary benefits of LiDAR data for other ecosystem 
service management and planning purposes. 	  
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