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laptop as the vessel has passed over a SAV bed (green acoustic targets above the bottom

between pings 400 and 500). Depth (m) was collected at each ping as well, so a continuous

display of bottom depth and SAV coverage was obtained along traresetthiese

variables (date, time, latitude, longitude, % SAV cover depth, and plant height in cm above
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(white zone) just above thmttom is an indication that the bottom is not covered with SAV

at pings prior to that. Right: The singdéng echo envelope of the same site at ping number

770 (SAV-positive arrow shown in echogram). The echo envelope shows a bottom echo at

1.1 m depttand a plant echo extending from the bottom to echo to the depth of 0.9 m

(canopy height). From this difference (canopy depth to bottom depth), a SAV plant height

can be computed. EcoSAV2 algorithm parameters are indicated on this overlay..30
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Figure 15. Three seagrass distribution archetypes, common tsdliglty areas of NC, used in
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Figure 31. The SAV surface, rated as either SAV present or absent, usengakriging
models at NPR in June 2009: 1) the Ideal Cover model, which uses SAV cover (%)
estimated from the acoustic reports produced in ECOSAV2; 2) the Ideal Binary model that
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Figure 32. The bootstrapping accuracy values (relative to video classification) for 100 randomly
selected comparison points, replicated 100 times for the three cokriging models used to
estimate the presence of SAV at NPR in June 2009. The Ideal Binaryusededepth (m)
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iX



Figure 33. The prediction surface of depth using a kriging analysis obtained from classified

SONAR reports at the four intensivedjudied sites. Each image is frone 20092010

study period at: A) NPR (June 2009), B) JBS (June 2010), C) BLB (August 2010), and D)
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panels give results for the blowout study area. Black circles represent results from simple
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Figure 42. North Carolina estuary and river systems highlighting areas that can (green) and

cannot (brown) reliably detect SAV using aerial surveys. Water body abbreviations: AS,

Albemarle Sound; PS, Pamlico Sound; CH, Cape Hatteras; Ol, OcradekeCIL, Cape

(o To] oV | O e O o= o RS 94
Figure 43. Proposed geographical stratification of North Carolina estuaries and river systems.

SAV monitoring would be phased in across five zomesimplemented in a rotational

sampling SChemME OVEI tIME.........oooiiiiiiiiii et e e e e e 98



Figure 44. SAV prediction surface from cokriging at NPR..............ccccviiiieemiiiiiiiiiiiinee, 112
Figure 45. Standard error (SE) associated with the SAV prediction surface at intensive site NPR
using geospatial cokriging of SONAR data..............ooooiiiiiiiccee e 112
Figure 46. One hundred random underwater video \adi@oints were used to assess the
accuracy of the SAV prediction surface at intensive site NPR using cokriging. Underwater
video points were stratified by total area of each standard error (SE) classification: low (n =
38), medium (n =55), and high €17). ... 113
Figure 47. The accuracy within each standard error (SE) stratum from cokriging surfaces of
SONAR obtained at intensive site NPR in 2009 when compared against different number of
video drop camera points. For each level of video camera sampling effesaiapéng
estimate of 100 bootstrapped samples was used to derive the mean accuracy....115
Figure 48. The data collesdd at the NPR SAV bed (Jun. 2009 and M&gp. 2010). The
SONAR transects are represented by circles with both-Sésitive (purple) and SAV
negative (white) acoustic reports. The cokriging surface results show the interpolation of
the acoustic repodata as SAVpositive (green) polygons and SAlegative (cream)
polygons. Diver survey quadrat locations are indicated in squares. Quadrats without SAV
are black, quadrats with SAV have proportionally increasing orange squares....... 146
Figure 49. The depth data collected using SONAR acoustic reports at the NPR SAV bed (Jun.
2009 and May Sep. 2010). A depth polygon is represented as a gradation of color from
shallow (red) to deep (blue). Thatd collection in May 2010 was interrupted during the
survey, thus making the bathymetry inaccurate for that month. On that daytid&
range occurred, and the eastern side data was collected at high tide and the western size
(o0 | [=Tox =0 F= Ui [0 1YV 1 T [ 147
Figure 50. The data collected at the JBS SAV bed (Jsep. 2010). The SONAR transects are
represented by circles with both SAdsitive (purple) and SAWegative (white) acoustic
repots. The cokriging surface results show the interpolation of the acoustic report data as
SAV-positive (green) polygons and SAnégative (cream) polygons. Diver survey quadrat
locations are indicated in squares. Quadrats without SAV are black, quadna8AWi
have proportionally inCreasing Orange SQUAIES........cccuuiieiieiiiieaceeeeeee e e e e 148
Figure 51. The depth data collected using SONAR acoustic reports at the JBS SAV bed (Jun.
Sep. 2010). A depth polygon is represehas a gradation of color from shallow (red) to
(0 =TT oI (o] (U] ) PSSP 149
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EXECUTIVE SUMMARY

In North Carolina (NC) coastal waters, submerged aquatic vegetation (SAV) consists of a
diverse group of vascular plants that live in subtidal and intertidal waters in botariddow
salinity environments. SAV midely recognized for many important ecological functions, such
as critical habitat for recreationally important species of fish, shellfish and invertebrates, and for
providing a wide range of ecological and economic services to human populations. The
importance of protecting and restoring these functions in NC are acknowledged within high
profile strategic plans such as the Coastal Habitat Protection Plan (CHPP) and the Albemarle
Pamlico National Estuary Programbsn(COMRpr ehens

Despite the need for regular SAV assessments to support adaptive management of a vital
resource covering over 56,000 hectares (138,000 acres), where losses are not easily reversed and
restoration is expensive and uncertain, there are netémySAV monitoring programs
established in NC that can provide reliable quantitative data on its status and trends.

Furthermore, the extensive size of the NC coastal ecosystem along with itdimaltisional
bio-physical complexity and the uncertaintieg@iote sensing have made it very difficult to
implement a comprehensive ceastle SAV monitoring program. In response to this
deficiency, this report summarizes the results of ayear project funded by the NC Coastal
Recreational Fishing License (CRHRrogram to investigate the development of SAV
monitoring protocols and recommendations for implementation of such a program.

Taking into consideration the large size, mditnensional complexity and prior
experience in the NC estuarine system, wduatad approaches to monitoring that incorporate
multiple methods and scales. Based on a review of the methods used in other programs, we
examined the potential application of two ribestructive boabased methods in combination
with aerial remote sengin Hence, the specific project objectives were to: 1) determine the
feasibility of developing monitoring protocols with a performance measure capable of detecting
at least a 10% inteannual change in SAV abundance, 2) evaluate a-pugrcept visual
census technique using a light underwater video camera deployed from a small vessel, 3)
evaluate a bodtased hydroacoustic technique using the BioSonics 420 kHz single beam
SONAR system with ECOSAV2 software deployed from a small vessel, 4) evileate
capabilities of remote sensing SAV using aerial imagery, and 5) develop recommendations for
implementing a statevide monitoring program incorporating the best available methods.

Two types of study sites were established to evaluate underwateande ONAR
met hods. Ailntensive assessmerfinilvesindrees measur
intensive data collection at a site and comprehensive testing of underwater video and SONAR
techniques. More intensive data collection was necessary thadstsibility of developing a



monitoring program capable of detecting subtle dral interannual change in SAV
abundance. The primary objective-kmtfranseata pi d
the 1 m depth contour, was to explore a meghnique to rapidly survey and map areas of low
salinity by identifying SAV presence/absence. This method targeted onlgalomty areas

because SAV classification based on aerial imagery in this environment has been unreliable and
thus SAV distributbn and abundance is largely undefin€aur intensive study sites were

selected for the evaluation of our b&@sed methods and protocols, two were in {sigiimity
environments (Newport River and Jarrett Bay) and two were irskdimity environments

(Blounts Bay and Sandy PointiNine rapid assessment study sites were selected that represent
SAYV beds in lowsalinity environments.

SAV beds were photmterpreted (digitized) into two classes (continuous and sparse
beds) with minimum mapping units of @.06a, based on aerial imagery for coastal NC that was
collected over a tw«year period prior to this investigation yet specifically acquired to detect
SAV.

Based on the need for a solution to a very challenging sampling problem with limited
financial aml infrastructure resources, our evaluation of the three monitoring tools suggested the
use of a combination of methods in a phased approach organized by geographical stratification
and implemented in a rotational sampling scheBa&sed on SAV community agposition and
distinctive physical attributes, we propose that the NC coastal ecosystem be stratified into two
large zones: high salinity and low salinity, then each stratified further by-beaim areas.

However, differences in watershed and estuasira@acteristics among the strata, as well as
potential differences in SAV communities and stressors, warrant more detailed consideration of
these further subdivisions. Stratification based on measureable and meaningful characteristics
has another importabenefit by reducing the size of the monitoring area. Reducing the size of
the monitoring areas to smaller and more discrete manageable units will facilitate prioritization
of actions, program development, and implementation of monitoring plans.

We reommend that sampling be conducted in phases beginning with the immediate
planning and implementation of a remote sensing acquisition of SAV coverage in the barrier
island shelf and lagoon stratum. Concurrent with the remote sensing effort, we recommend
initiating a second phase of the program whereby sentinel sites are established in a designated
high-priority stratum in the lowsalinity zone. Once the sentinel sites are selected in the high
priority stratum, a boabased pilot monitoring project should mitiated using the best available
monitoring methods.

In concert with these initial phases of aerial and sentinel site monitoring, we propose two
activities to help refine the monitoring protocdlhrough a proebf-concept scenarjave
recommend deelopment of the combined SONAR and underwater video camera method and,
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where necessary, snorkel and diver quadrat surveys. We also suggest a design for SAV acoustic
reconnaissance surveys for low salinity areas, thereby gaining knowledge about thefextent
SAV that is hidden from aerial surveys.



INTRODUCTION AND OBJECTIVES

In North Carolina (NC) coastal waters, submerged aquatic vegetation (SAV) consists of a
diverse group of vascular plants that live in subtidal and intertidal waters in botariidpw-
salinity environments (Thayer et al. 1984, Ferguson and Wood 1994, Mallin et al. 2000, Deaton
et al. 2010). SAV are recognized worldwide for many important ecological funstichsas
critical habitat for recreationally important species of fistellish, invertebratesnd wildlife,
and providing a wide range of economic services to human populatiossrvatively estimated
to be valued at $12K per adflearkum et al. 2006). These functions are acknowledged in the
NC Coastal Habitat Protectioridd (CHPP; Street et al. 2005, Deaton et al. 2010), prompting
scientists, managers and the public to elevate their interest in closely monitoring the status and
trends of SAV resources (Orth et al. 2006a). A recent assessment of monitoring programs
worldwide revealed a global decline in seagrass abundance (Waycott et al. 2009). This
assessment should be a concern for resource managers in NC, since there is evidgmae of
SAYV (seagragsdeclines in other locations nearby in the fAitAntic region of heUnited States
(US) and farther north in New England (Waycott et al. 2009, Orth et al. 2010; Costello and
Kenworthy 2011). ISAV is changing decliningor increasing)n NC it is indeterminable at this
time. There are no loAgrm SAV monitoring progims established in NC that can provide
reliable quantitative data on the status and trends of the resource.

A further concern should be the recognition that SAV losses are not easily reversed and
restoration is expensive and uncertain (Fonseca e328; Kenworthy et al. 2006). The
development of a comprehensive lelegm monitoring plan which assesses the status and trends
of SAV resources and the stressors affecting them can be a valuable approach to minimizing and
avoiding catastrophic losses betneed for restoration. Since SAV is a responsivéniiicator
of environmental change (Dennison et al. 1993, Biber et al. 2004), monitoring this resource can
be used as a practical tool for early detection of environmental disturbance and anthropogenic
impacts to coastal ecosystems in general.

In NC, SAV occurs in the second largest estuarine ecosystem in the continental United
States. The greater proportion of this system, known historically as the Albemarle Pamlico
Estuarine System (APES), is neadp of a series of shallow sounds and inland waters that
physically resemble large coastal lagoons with both high and low salinity regignsel).

The largest inteconnected system ranges from Currituck Shurear the border of NC and
Virginia (VA), south to Bogue Sound and the White Oak River in Carteret County including
Albemarle, Pamlico, Core, Back, and Bogue Sounds. Extending further south from the White
Oak River, the inland waters down to Cape Feasstst of much narrower and smaller estuaries,
lagoons, and regularly flooded tidal creeks itexed with salt marshes. Nearly all of these
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Figurel. Submerged Aquatic VegetatioBAV) salinity zones in North CarolingSainity

zones were delineated based on pridlc§AV species present as noted in CHBRdet et al.

2006, Deaton et al. 2030 Water body and landmark abbreviations: AS, Albemarle Sound; PS,
Pamlico Sound; CH, Cape Hatteras; Otr&xokelnlet; CL, Cape Lokout; CF, Cape Fear.

estuarine ecosystems are bordered on their eastern margins by barrier islands which protect the
inland waters and SAV from the direct physical forces of the Atlantic and enable the
development of shallow shelves and sounds leewfarteaslands. Numerous inlets that pass
through the barrier islands maintain regular tidal communication between the open Atlantic and
the inland watersThis regular tidal exchange flushes the barrier shelves and sounds, diminishes
water residence tinse and maintains suitable water quality for SAV and other benthic primary
producers to thrive in shallow water (<32m; Thayer et al. 1984, Wells and Kim 1989, Mallin et

al. 2000, Street et al. 2005, Deaton et al. 2010). Largely for these reasonsstteatertsive

and weltdocumented SAV communities occur on the shallow shelves leeward of the barrier
islands in the eastern margins of Pamlico, Core, Back, and Bogue SBiguisZ, Carraway

and Priddy, 1983, Ferguson and Wo®@®4, Street et al. 2005, Deaton et al. 2010). The spatial
distribution of SAV in these habitats is not always continuous. Distribution ranges from large
meadows with nearly complete cover, to meadows with different degrees of patchiness and
density Figure3). In this highsalinity zone, SAV communities are dominated by two marine
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Figure2. Map of submerged aquatic vegetation (SAV) in North Carolbense SAV (>70%
cover) is noted in red, patchy SAs identified in yellow. This map was published in 2@l
the AlbemarlePamlicoNationalEstuay Program(APNEP). Water body abbreviations: Bogue
Sound = BS, Bogue Sound; BkS = Back Sound.



A.Shoreline Fringing B. Patchy C. Blowout

Figure3. Three seagrass distution archetypes common to highlinity environments of NC.
These are images taken from: A. Shoreline fringing bed with continuous and patchy SAV
in Bogue Sound, B. Patchy bed in Core Sound, C. Continuous bed in Core Sound intersp
with unvegetted blowouts

seagrasseZostera marinaandHalodule wrightij with a third specieRuppia maritima
intermixed with the other two. Thikird species is more tolerant of a wider salinity range than

the other two marine seagrasg§egure4).

Halodule wrightii
(Shoal grass)

Photo by: P. Prado

Ruppia maritima
(Widgeon grass)

Photo by: P. Prado

Zosteramarina
(Saltwater Eelgrass)

Photo by: P. Prado

Figure4. SAV species found in the high salinity environnsaitcoastal North Carolina.
Photos by P. Prado.



The marine SAV in the high salinity areas of NC is a unique community of species
(Figured). Zosteramarinais distributed throughout temperate regigitabally and living at its
southern range limit in NCH. wrightii has a predominantly tropical distribution in the western
hemi sphere and i s atNCiRuppi@mantimaigalcesmopolitanaspegies | i mi
found in both temperate and tropical environments and frequently occurs with the other two
species (Thayer et al. 1984, Street et al. 2005, Short et al. 2007, Deaton et al. 2010). Depending
on species compd#®n, intra and interannual coverage in the meadows can vary substantially.
Cooler water temperatures in the fall, winter and spring favamarina,while the warmer
summer and early fall temperatures faklomwrightii. Mixed communities of these spes
display bimodal peaks in seasonal abundances so that the optimal times for detecting and
monitoring these species (index periods) are diffeféigu¢es).

Zostera marina

Ruppia maritima

Halodule wrightii

ABUNDANCE

e e ==

January June December

TIME OF YEAR
Figure5. Abundance tloughout the year of three seagrass species commonly found it
high- salinity environments of North Carolina.

The distribution of these species is made even more complicated by the sexual
reproductive strategy &. marina. Although each of the three spesihave perennial life
history strategiesZ. marinareproduces prolifically by sexual reproduction and seed dispersal
(Thayer et al. 1984, Jarvis et al., 2012), which leads to widespread distribution of annual
meadows formed exclusively by seed. Dumsngnmer periods of high temperature stress in
shallow water, these annual meadowZ amarinasenesce and can completely disappear, so
there is either minimal or no evidence of their distribution in-tadate summerKigure5). In
the following fall and early winteZ. marinabedsrecover by seed, grow and expand rapidly by
vegetative reproduction in spring, forming either patchily distributed or continuous meadows
depending on reproductive success and the dispersal of §aeds ét al. 2012)H. wrightii is
primarily a tropical seagrass, but does not reproduce sexually in NC and depends exclusively on
asexual reproduction for growth, meadow maintenance and dispersal. This species thrives in the
warmer season between lday and October and senesces in fall and winter when there is a
significantly diminishedabundancéFigure5). Ruppiamaritimareproduces both sexually and
asexually, but is more ephemeral than either of the otleemarine species and usually is found



as a sullominant component of the SAV bed in marine communitigpiamaritima
abundance increases at locations more distant from the inlets, in the lower salinity environments
of northern Pamlico Sound, andAtbemarle and Currituck Sounds (Ferguson and Wood 1994).

Environmental conditions and SAV communities in the rest of the NC coastal system are
distinctly different from those which occur on the barrier shelves of Pamlico Sound and in Core,
Back and Bogu&ounds (Street et al. 2005, Deaton et al. 2Bigyre6). The western boundary
of the estuarine system is bordered by a gradually sloping coastal plain with many large
watersheds and numerous rivers that regutigliver freshwater, colored dissolved organic
matter and sediments to the coastal water bodies (Stanley 1992, 1993, Cooper 2000, Mallin et al.
2000) resulting in salinity decreases and increased turbidity proximal to the Figarse(l).

Low-salinity species Photos

Low-salinity species Photos

Photo by: W. Wellner

Ceratophyllum Potamogeton
demersum perfolatus
(Coontail) (Redhead grass)

Photo by: C.S. Krahforst

Hydrilla verticillata
(Hydrilla)

Photo by: Wisconsin Dept. of
Natural Resources

Ruppia maritima
(Wideon grass)

Photo by: C.S. Krahforst

Myriophyllum
spicatum (Eurasian
watermilfoil )

Photo by: C.S. Krahforst

Stuckenia pectinata
(Sago pondweed)

Photo by: K. Peters

Najas quadalupensis
(Busy pondweed)

Photo by: wesserpest.com

Vallisneriaamericana
(Wild celery)

Photo by: C.S. Krahforst

Potamogeton
crispus (Curly-leaf
pondweed)

Photo by: P. Ferrari

Zannichelliapalustris
(Horned pondweed)

Photo by: C.S. Krahforst

Figure6. SAV species found in the low salinity environments of coastal North Carolina.




Longer term fluctuations in climate, precipitation and river discharges leads to significant water
guality gradients and bothtra-and interannual fluctuations in environmental conditipns
especially salinity and turbidityBurkholder et al. 2004)

The limited amount of observation and monitoring data in these lower salinity SAV
communities suggests that the abundance of 8Adorly documented, the species are more
ephemeral, and there is much greater spatial and temporal variation than the persistent seagrass
meadows in the higher salinity barrier shelves and sounds. Here, there are no marine seagrasses,
and SAV communitie consist of at least talifferentspecies with a diversity @omplex
morphologies and life history strategies adapted to lower salinities and more ephemeral and
widely fluctuatingenvironmentatonditions Figure6). These SAV communities includajas
guadalupensigbushy pondweed)/allisneria americandwild celery),Potamogeton crispus
(curly-leaf pondweed)otamogeton perfolatsedhead grassptuckenia pectinat@ago
pondweed)Zanichellia palustrighorned pondweed¥;eratophyllum demersufooontail), and
non-native specieMyriophyllum spicatunfEurasian watermilfoil) an#llydrilla verticillata
(hydrilla). Ruppiamaritimais alsocommonlyfound in the low salinity zone

The lack of quantitative andistained monitoring data for the low salinity regions of NC
has made it difficult to describe and understand their distribution and seasonal growth cycles.
This deficiency haalsolimited our ability to compile a comprehensive staide estimate of
SAV status and trends. However, based on historical information from a wide variety of sources,
there is evidence suggesting a widespread distribution of SAV in the western regions of the
sounds and in the lower salinity environments of the river systeN§ (Brinson and Davis
1976, Davis and Brinson 1983, Street et al. 2005, Deaton et al. 2010, Quible and Associates
2011).

The first statewide aerial survey of SAV coveragering 20062008indicated NC has
136,000 acres of SAV{gure?2, http://portal.ncdenr.org/web/apneplacing it third in aerial
abundance behind Florida and Texas. As in past efforts to map SAV in NC with remote sensing
and interpretation ofigital imagery (e.g. Carraway and Priddy 1983, Ferguson and Wood 1994),
this more recent estimate included interpretation of higher quality imagery from the barrier
shelves and sounds and much lower quality imagery in the river systems and western sound
regions. Interpretation of this imagery-aéfirmed that the largest proportion of SAV detectable
using aerial imagery occurs on the barrier shelf of Pamlico Sound, and in Core, Back and Bogue
Sounds. In the rest of the stederial coverage of SAV was derestimated because a portion of
the imagery was either not interpretable or water quality made it difficult to reliably detect
benthic signatures, especially those occurring in deeper water. Thus, NC likely has substantially
more than 136,000 acres oA'%; howeverthe total amount of SAV and where it occurs will
remain unknown, as well as its status and trends, until mapping and monitoring of the undetected
(invisible) portion of the resource can be accomplished.
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The extensive size of the NC coastdgystemalong with its multidimensional bie
physical complexity and the uncertainties of remote sensing, have made it very difficult to
implement a comprehensive stat@le SAV monitoring program. Despite this, the NC Division
of Marine Fisheries (NCDM), along with other state and federal agencies, academic
institutions, and noigovernment organizations continue to recognize the economic and aesthetic
value of SAV communities (see summary in CHPP and APQ&mRprehensive Conservation
ManagemenPlan). This recognition is consistent with the regional, national and global
consensus among scientists and managers that acknowledges the need to monitor the status and
trends of SAV resources (McKenzie et al. 2000, Orth et al. 2006a, Waycott et al. 2009,
http://www.seagrasswatch.org/publications.htntip://www.seagrassnet.ojg/A recent global
analysis of site and basin specific SAV monitoring survegiated the prevalence of seagrass
declines worldwide and the acceleration of declines during the three most recent decades
(Waycott et al. 2009). These analyses included recognition of losses proximal to NC in-the mid
Atlantic region of Virginia (Orth ath Moore 1983, Orth et al. 2010, Williams et al. 2010) and
New Jersey (Lathrup et al. 2001), and further north in Massachusetts (Costello and Kenworthy
2011). Evidence of declines in these other western Atlantic populations, which include
seagrasses andnaer salinity SAV species that also occur in NC, signaled an urgent need for NC
to consider developing and implementing an SAV monitoring program. Hence, funding made
available by the Coastal Recreational Fishing License Program (CRFL) provided an apportun
to initiate consideration for developing a statiele monitoring program. This report
summarizes the results of a twear project funded by CRFL investigating the development of
SAV monitoring protocols and recommendations for implementation ofevgide SAV
monitoring program.

Review of SAV Monitoring Programs

Environmental monitoring is the repeated observation or measurement of some
guantitative metric to assess the status and trends of biological (e.g., density) and/or physical
(e.q., saliity) parameters, a specific organism (SAV species), or the habitat (area covered) of a
system (Lathrup et al. 2001). With recent advances in geospatial techrampg@RS) and
Geographic Information Systems (GIS), we are now able to spatially aicntatitoring data
to create status and trends maps of these environmental metrics and habitats. Often, monitoring
programs are designed with the intent to detect change in space and time usingeveeal
metrics and a distributiomapof SAV habitatas indicators of change. Ideally, the most useful
monitoring programs are capable of identifying the causes of change so that responsible parties
and their agencies can make more confident decisions resulting in effective management and
protection of natwal resources.

Despite a wide consensus recognizing the need for SAV monitoring (Waycott et al.
2009), science has not yet provided resource managers with a standardized approach or a strict
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set of protocols for SAV change detectiespecially in areasdhare prone to turbid waters
Considering the wide range of environments where SAV occur and the different goals and
strategies of resource management agencies, standardization of protocols may not be the best
approach. Nonetheless, there are fundarprnteiples which can be considered and used as a
guide for management agencies to select the most appropriate and cost effective approaches that
fit their particular system. Lessons learned from an evaluation of existing monitoring programs
worldwide am here in the U.S. illustrate the range of options available. Assessment of some of
these exampldselowprovides the context within which resource managers can evaluate the
options best suited for the conditions in North Carolina.

Global Programs

The first principle that should be considered in designing a monitoring program is
establishinghe goalsand associated objective$he specifiobjectivesof a monitoring
program should guide the selection of metrics and sampling protocols. If the datacomdes
derived from the protocols do not match tigectives then the monitoring program will fail to
achieve its intent. Globally, monitoring programs have been driven by a wide range of
objectives For example, in one of the first attempts at gledzalle monitoring, the Seagrass Net
Program Kittp://www.seagrassnet.ojgias originally designed to foster more widespread
awareness and scientific knowledge of seagrasses by public and government organizations,
specifically including those located in remote, underdeveloped nations. Program and data
management is centrally located in the U.S. while program staff conducts training workshops
and supervises local community and agency involvement in monitoring.tdviagiplans are
simple and sitespecific, but involve a standard transect sampling design thatsallualy®s of
long-term trends and comparisons between sites (Short et al. 2006).

Likewise, the Seagrass Watch Program was originated in northeastéraliAwnd
designed witlobjectivescomparable to Seagrass Net, but the sampling methods were modified
and adapted to the bgeographic conditions of the Indacific region
(http://www.seagrasswatch.grgBoththe Seagrass Net and Seagrass Watch programs continue
to grow and expand into more regions of the globe, educating the wider international
communities, raising awareness of coastal management issues, and building local and global
capacities through loatgrm monitoring programs that support conservation of SAV resources.
In addition to the information and reports available through their websites, these two monitoring
programs have contributed to publishing a world seagrass atlas (Green and Short, 2003), a
seagrass research methods textbook (Short and Coles 2001) and a seagrass monitoring manual
(Short et al. 2006). Three important lessons learned from these global SAV monitoring
programswere

1) larger scale monitoring programs can be achieved by inctahsteps with
consideration of local needs,
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2) protocols must be flexible so they can be modified to fit environmental conditions, and
3) building capacity through partnerships is very important for sustaining funding and
implementing larger scale losigrm manitoring programs.

Site-Specific Programs

There are several sigpecific and bashiocused SAV monitoring programs in Florida
and three stateiide programs centered in Virginia, Massachusetts, and Washington that are
large enough to provide meaningfularmation for evaluation on the scale comparable to the
NC coastal systenTéblel). Collectively, these programs have comparable goals, focusing on
the management and conservation of SAV resources. They have sufficient igreyeatding
at least 10 years, and demonstrate the use of several different approaches and sampling methods.
Only the Washington state program incorporates perforenbased probabilistic sampling
which evaluaesa specific level of changa SAV using ampling and statistical protocols that
guantify the accuracy, uncertainty and power of their change detection method

The first two example programs rely primarily on polydmased interpretation of aerial
imagery to map and monitor the status and trefi@AV. These programs are: 1) a
Massachusetts statended program
(http://maps.massaqis.state.ma.us/images/dep/eelgrass/eelgrass_imapdh@h a multstate
program bcated in the Chesapeake Bay, and the coastal bays of Virginia and Maryland
(http://web.vims.edu/bio/sav/index.hdmlin Massachusetts, aerial imagery for detecting SAV is
collected and interpreted portions of the state on a staggered schedule so that that entire SAV
resouce is assessed over a period of approximately five to ten years (Costello and Kenworthy
2011). The Chesapeake Bay program has a higher sampling frequency for acquiring imagery
than in Massachusetts; aerial monitoring is conducted and reported annually. This program is
run primarily through one state academic institution, the Virginia Institute of Marine Science
(VIMS), but the imagery data is supplemented by extensive coordirtaeen regional
partners at local, state and federal institutiongirginia, Maryland and DelawareThese other
institutions provide additional capacity to examine the effects of stressors (e.g., temperature,
water quality) on the lonrterm status anttends of SAV by providing information obtained from
extensive inwater sampling of physical and biological parameters at separately funded research
monitoring sites and from other bayde survey programs (Orth et al. 2006b, Williams et al
2010, Orth etal. 2010).

There is no official comprehensive statele SAV monitoring program in Florida, but
there is an effort by the Florida Fish and Wildlife Conservation Commission (FWCC) to acquire
and compile aerial imagery from all available sources to map 1@8durces and to develop
statistical tools for a statewide integrated monitoring network (SIMM)

! For this report, irwater sampling refers to snorkeling, SCUBA diving or wading.
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Tablel. General characteristics of representative large scale SAV monitoring programs. Shown are three international programs and
six from the United States. Characteristics include the approximate area of the water body where the monitoring 9¢ccurs (km
longevity of the monitoring program, and sampling frequency. Also shown are the different sampling designs and ap@daches us
each program indicated by either yes or no. NA = not applicable. ND = not determingtt Indian River Lagoon fixed transects

are sampled every six months and aerial remote sensing is planned for every twoRedosmancéasednonitoring pogram.

Location Relative Longevity = Sampling Sampling Design and Approaches Used
Size (yr) Frequency
(km?)
Probabilistic ~ Synoptic  Remote In- Fixed

Sensing  Water Transects
International

Seagrass Watc NA 15 Annual No No No Yes Yes
Seagrass &t NA 15 Quarterly No No No Yes Yes
Bermuda Platform 370 6 Annual Yes Yes No Yes Yes

United States

Chesapeake Ba 11,000 25 Annual No No Yes No No
Massachusett: ~ ND 14 Syri 10 yr No No Yes No No

Indian River Lagoon, FL* 400 17/24 6m/2y No No Yes Yes Yes
Florida Bay, FL 2,000 16 Annual Yes Yes No Yes Yes

Florida Keys (FKNMS) 8,000 15 Annual Yes Yes No Yes Yes
Puget Sound, WA 2 600 11 Annual Yes No No No No
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(http://myfwc.com/research/habitat/seagrasses/publications/sapaont1/). Three large scale
longt er m moni toring programs established in Flo
contributions to this integrated monitoring netk, but statevide coverage is incomplete.

In the Indian River LagoorkloridaSAV monitoring is conducted primarily by one state
agency, the St. John6és River Water Management
combination of aerial photographytaimed approximately every two years andvater
sampling of fixed transects (sentinel sites) sampled twice annually (Morris et al. 2001, Steward
et al. 2006). A second Florida program, located further south in the Florida Keys National
Marine SanctuarfFKNMS), monitors seagrass annually using a probabHisiged synoptic
approach with irwater point sampling and fixed transects located at a subset of sentinel sites
(Fourqurean et al. 2001). This program is managed and run through Florida Intefnationa
University (FIU) and funded primarily by the U.S. Environmental Protection Agency (USEPA).
A third program in Florida Bay also samples annually using a probabbiasied synoptic
design with inwater point sampling (Hall et al. 1999, Durako et al.200rhis program also
recently added fixed transects at-petermined sentinel sites. Monitoring in Florida Bay is
primarily funded by two state agencies, the South Florida Water Management District and the
FWCC. Implementation of the program is shasgdnatching support from the Florida Fish and
Wildlife Research Institute and the University of North Carolina, Wilmington, NC.

Data on SAV distribution and abundance acquired in both the Florida Bay and FKNMS
sampling programs rely almost exclusivetyiaformation collected in the water, using either
SCUBA divers or snorkelers (Durako et al. 2002, Fourqurean et al. 2002). Data are acquired by
accepted peaeviewed scientific methods and include raestructive standardized visual
assessments of spesicomposition, cover and abundance in quadrats, as well as supplemental
destructive sampling of shoot density and biomass using standard sized cores. The sentinel sites
also incorporate measurements of seagrass primary produniedétyured by leaf markg
techniques in situThis inrwater fieldbased sampling of plant condition metrics and
environmental variables involves processing a large volume of samples collected over broadly
distributed sampling sites and secures a large amount of quantitatiwetdelh is used to
evaluate the status and trends of the resource (Fourqurean et al. 2001). Both of these programs
are closely associated with other environmental monitoring and water quality sampling programs
so that the seagrass monitoring data camteegreted within the context of factors affecting
their status and trends (Fourqurean et al. 2008 inwater methodshoweverare labor
intensive and require highly trained personnel and specialized technical equipment (e.g., diving
gear and safetgquipment). The inclusion of quantitatjivendestructive visual assessments
minimizes the cost of data acquisition, but this can be offset by the additional costs of processing
the highly informative destructive sampling with biomass cores and measusevh@rimary
productivity.
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The IndianRiver Lagoon monitoring program utilizésng-term sentinesites with in
water sampling at fixed inombinationwith aerial remote sensing to monitor SAVA this
program, landscape scale patterns of change defioe polygon analyses of imagery are
supplemented by point sampling on transects. Fomaiter transect monitoring this program
relies on nordestructive quadrat sampling for characterizing species compaosition, measuring
abundanceand estimatingAV cover. Seagrasses in the Indian River Lagoon are distributed in
water depths generally < 2.0 m, so most of the sampling can be done by snorkelers-and post
processing of field data does not require labtensive processing of sediment cores. This
programis also closely aligned with water quality monitoring programs conducted by SIRWMD,
making it a powerful tool for conducting SAV change analysis at multiple scales, early detection
of impending stressor effects, and the development of water managemeatségr SAV
protection and conservation (Virnstein 1990, Virnstein 2000, Steward et al. 2005, Steward and
Green 2007).

Washimgton is the only state in the W#ich has a statewide performadzesed SAV
sampling and monitoring program. Nearly the enBuget Sound seagrass resource is sampled
annually by the Department of Natural Resources Submerged Vegetation Monitoring Program
(SVMP) using an underwater video camera deployed from a large vessel
(http://www.dnr.wa.gov/ResearchScience/Topics/AquaticHabitats/Pages/agr_nrsh_eelgrass_mon
itoring.aspx Underwater videography was selected as the preferred monitoring method because
the primaryindicator speciesZ. marina(eelgrass), grows to depths that exceed the capability of
detection by aerial remote sensing. The deeper depths, strong tides and cold temperatures also
make inwater sampling on a souwdde scale impractical and prohibitiv&iven the generally
good visibility and the deep depths in Puget Sound, the underwater video camera can be towed at
a relatively high speed (3 kts) and still discriminate the presence or absence of seagrass and thus
is capable of acquiring data over largpatial scales in relatively short periods of time.

Briefly, the overall objective of the SVMP sampling design is to provide statistically
valid inferences of Puget Soumdde eelgrass abundance annually (status) and over time
(trends), as well as chges in eelgrass depth distribution (Berry et al. 2003). The primary
programmatic performance measure of SVMP is designed to produce results annually-and long
term (5 and 10year) with the ability to detect a 20% declin&Zinmarinaabundance with
Suiteble statistical power over 10 years at the sewitk scale (Gaeckle et al. 2009). Annually,
individual polygons irPugetSound (1000 m long and out to a depth of 10 m) are randomly
drawn from predetermined strata (smaller fringing beds, larger flatspbadd focus areas). In
each subsequent year, 20% of the polygons are replaced by new polygons in a rotational design
(Skalski 2003). The video data is ppsbcessed and classified by laboratory technicians to
develop estimates of SAV cover and maximdepth distribution within the randomly selected
polygons. Replicate i deo transects (n & 11) randomly sel
modification of the point intercept method to acquire presence/absence data for SA¥ in 1 m
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areas continuously along each individual transect. The fractional coverage ofi¥\/a
transecis computed and a mean and variance for each polygon are calchtiigle

polygons randomly selected throughout the Sound are used tdfimalkestimates total amount
of SAV and the variance of SAV aerial coverage for all of Puget Sourdyeac, as well as
changes in maximum depth distributiohZ. marina A weighted linear regression analysis is
used to test for significant slopes to evaluate {tamg trends (5 or 10 yr) in SAV abundance for
the entire Sound (Gaeckle et al. 2009).

Development of the SVMP began in the eattymiddlel 99 06s as part of t
Puget Sound Ambient Monitoring Program (PSAMP). The PSAMP recognized the value of
SAV and its potential role as an indicator of Puget Sound health. The larger goal oAME PS
is to correlate environmental trends with stressors and more specifically, to differentiate the
effects of natural and anthropogenic stressors on SAV. In the nearly two decades since the
monitoring program began, the SVMP matured through incremeéagdsthat included:
evaluating videography methods (Norris et al. 1997), identifying Soude sampling
replication, stratification requirements, statistical validation of replication and sampling power
(Berry et al. 2003, Dowty et al. 2005), identificet of sentinel sites (core/focus sites) (Berry et
al. 2003), and implementation of monitoring. Sowvide sampling actually began in the
summer of 2000, and the program staff and associates continue to adjust and modify sampling
protocols and parametenaa | yses suggested by past experienc
results (Gaeckle et al. 2009). These modifications have incorporated morpanariieter
assessments of SAV change at different scales and illustrate how the monitoring program is
evolving to more quantitative and sophisticated analyses as more data are collected.

As demonstrated by the Washington state SVMP -based’ videography offers a
practical and demonstrably successful option for monitoring SAV. This program's strengths
include nondestructive methods, with almost no impact on the resource, and rapid underwater
video acquisition. The program also benefits from focus on one main indicator orgénism,
marina In Puget Sound,. marinais a perennial species, and there is \igilg natural
variability in distribution and abundance during an annual monitoring schedule. Thus, there are
no unique requirements for selecting an index monitoring period similar to the problem faced in
NC.

Another method widely used for monitoriBd\V in low-salinity habitatand lakess
hydroacoustics or SONAR. Aquatic plants are known to be acoustically reflective due to the gas
bubbles they contain and could be detected on SONAR or analog echosounders (Maceina and
Shireman 1980, Maceina et #4884, and Duarte 198Kjiner 1993). More recently, the echoes
of Z. marinacould be easily discriminated on an echogram from a digital echosounder (Sabol et
al. 1997, Sabol and Burczynski 1998). A U.S. patent for the method and apparatus for

2 For this report, bodbased refers to any monitoring done from a vessel.
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hydroacousti detection oSAV was granted soon after these reports (Sabol et al., 1998). This
patented method used singleam SONAR with a 42RHz transducer.

The SONAR method has been most well examined in freshwater ecosystems beginning
with the work to monitoaquatic plant growth in inland waterways by the Army Corp of
Engineers (Sabol and Johnston 2001). Since then, several studies have been conducted that show
the usefulness of SONAR for mappiB4V in high-salinity and lowsalinity regions of lakes,
rivers and estuaries. Entire lakes have been mapped for SAV and change analysis in Lake Biwa,
Japan{Hamabata and Kobayashi, 200i2) MinnesotgValley et al. 2005, Valley and Drake
2007) and in Wisconsin (Sabol et @009). In estuaries, SONAR has been used to document
the presence and map the distribution of SAV (Sabol et al. 2002). The US Naval Undersea
Warfare center used singieam 420 kHz SONAR and several brands of-sihn sonar to
detect seagrags marinain Narragansett Bay, ®vde Islandvhere underwater mines were the
primary targe(McCarthy and Sabol, 2000)5tudies were done by these authors in tanks to
discover the target strengthafmaring and it was masured at21 dB re 1 pPavith no change
in acoustic response betweenZiD kHZ.  In their conclusions, these authors wrétéT h e u s e
of hydroacoustic techniques for mapping subme
After reviewing thesetadies, we felt that singlbeam SONAR approaches could be used in
relatively turbidNC rivers and estuaries to detect change in SAV.

These examples from U.S. programs illustfate general categories of SAV monitoring
approaches being used: 1) rems@esing, 2) irwater sampling by snorkel and SCUBA, 3) boat
based videography, 4) beahsed SONARand 5) a combination of these approaches. We
already know from past experience in NC that remote sensing can be used to quantify a large
portion of the castal SAV resource if data acquisition and interpretatr@carefully planned
and supervised by experienced st&&Emote sensing alonboweverjs not capable of detecting
the entire scope of SAV coverage in NC, particularly in turbid or deeper arateonments.
Therefore, it will be necessary to develop lamdoatbased monitoring protocols to achieve
comprehensive coverage in a NC monitoring progrbdlowever, foreline access to submerged
resources like SAV is not a practical approach over nofithes t a geegéaghic range.

Access to a large portion of the resource requires aldasatd operation whether you are
conducting groundruthing for remote sensingogramsor in-water sampling. It may be
possible to minimize wwater sampling effids using alternative bo#iased approaches, such as
undewvatervideography or remote sensing with hydroacoustics (SONAR).

% Target strength is a measure of acoustic reflectivity of an obyitbtall values being negative, because echoes
have less acoustic energy than the original ping when detected at the transducer. Target strength is measured in
decibels (dB) and typically varies betwed30 dB and O dB in strength relative to a referdavel, 1 uPa).
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Objectives

The overall goals of this project were fig evaluatehe development operformance
based SAV monitoring protocolsrfdlC, and2) draft recommendations for a lotgrm
statewide SAV monitoring plarnTo achieve these goals we evalugbeidr experiencenonitoring
SAYV in the NC estuarine systeand reviewed existing national and international SAV
monitoring programs. Walso considerethe logistical challenges posed thne large sizand
multi-dimensionabio-physical complexityf the NC estuarine system and recognizexposed
evaluateapproacksto monitoring that incorporate multiple methods and scaesed on a
review of the methods used in otlpgogramswe examined thpotentialapplicationof two non
destructive boabased methods in combination with aerial remote sermsidgn water
sampling Hence, the specific project objectives were to:

1) determine lhe feasibility of developing monitoring protocols with a performance measure
capable of detecting at least a 10% waenual change in SAV abundance,

2) evaluate a poinintercept visual census technique using aligit underwater video
camera deplaad from a small vessel,

3) evaluate a boabased hydroacoustic technique using the BioSonics 420 kHz single beam
SONAR system with ECOSAV?2 software deployed from a small vessel,

4) evaluate the capabilities of remote sensing SAV using aerial imag&C, and

5) develop recommendations for implementing a statee monitoring program
incorporating the best available methdoisa given region

METHODS
Study Stes

We established two sets of study sites to evaluate underwater video and SONAR
metods: 1) Intensivassessment, and 2) Rajaisisessmersites Intensive assessment sites
involved more intensive data collection at a site and comprehensive testing of underwater video
and SONAR techniqudban rapid asses&nt sites More intensive dateollection was
necessary to test the feasibility of developing a monitoring program capable of detecting small
(~10%) interannual change in SAV abundance. The primary objectitleesipid assessment
sites was to explore a nemnonitoring techniquetednique to rapidly survey and map areas
low salinityenvironmentdy identifying SAV presence/absence. This method targeted only
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low-salinity areas because SAV classification based on aerial imagery in this environdhent ha
been unreliable and thus SAVWttibution and abundance largely undefined.

Intensive Assessment Sites

Four intensive study sites were selected for the evaluation doatbasednethods and
protocols. Two of these were in highlinity environments (Newport River and Jarrett Bay)l
two were in lowsalinity environments (Blounts Bay and Sandy Pdiigure7;Table2).

NN

SPS BLB

Salinity (ppt) 0.4 4.0 :

Temp (°C) 26.7 271 i
Secchi Depth (m) 1.1 0.6 PS

Average Depth (m) 1.6 1:2 8 %\\
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Salinity (ppt) 32.0 32.0
Temp (°C) 28.4 26.8 o
Secchi Depth (m) 0.8 0.9 it
=
Average Depth (m) 0.8 0.9 -
N - z

Figure7. Intensively studied sites in 2009 and 2010 at Sandy Point (SPS), BRayn{BLB),
Jarrett Bay (JBS), and Newport River (NPR), and their average environmental conditions.
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Table2. Summary of study site types, site names and abbreviations, and salinity levels.

o TvDE o Name o . —_
A bpre
Intensive  Newport River NPR High-salinity
Intensive  Jarrett Bay JBS High salinity
Intensive  Sandy Point SPS Low salinity
Intensive  Blounts Bay BLB Low salinity
Rapid Blounts Bay BY Low salinity
Rapid Batchelor Bay BB Low salinity
Rapid Fishermans Bay FB Low salinity
Rapid James Creek JC Low salinity
Rapid Neuse River NR Low salinity
Rapid Perquimans River PR Low salinity
Rapid Ross Creek RC Low salinity
Rapid Sandy Point SP Low salinity
Rapid Trent River TR Low salinity

Newport River

This is a highksalinity SAV site located near the mouth of the Newport River (hereafter
NPR). Our survey area was defined using historic SAV distribution based on 2006 imagery as a
guide to ensure that our survey captured both the shallow an@dgep of the SAV
distribution. The final NPR sample polygon encompassed 103,608nNPR, SAV is
primarily maintained by seed recruitment; however, some perennial clones exist. During periods
of peak biomass, NPR is generally characterized as a haghgreline fringing distribution,
with regions of dense, continuous cover near shore transitioning to patchy SAV with increasing
depth and distance from shore. Dominant species located her&ZwesarinaandH. wrightii;
isolated patches &®. maritima were also found

Jarrett Bay

Jarrett Bay (hereafter JBS), another high salinity study site, was selected because it
contains a long history of SAV classification from aerial photography. This site is dominated by
Z. marinaandH. wrightii, with sone R. maritimamixed in the shallow regiondt is primarily a
shoreline fringing seagrass bed with nearlysafigrass located #11 m of water. Dense, near
shore portions of the JBS seagrass bed are largely perennial while further offshore (befiveen 10
50 m) seagrass is very seasonal and exists via seed recruitment and germination.

21



Sandy Point

Sandy Point (hereafter SPS) is representative of low salinity SAV communities in NC.
During periods of peak growth in late summer SAV can become very dedsaay extend into
3 m of water or more. During winter months, most of the species at SPS senesce, losing all or
most above ground biomass, but remain present (Luczkovich 2005). The following spring,
germination of seeds and regrowth from belowgroisglies happen rapidly, transitioning this
site from nearly bare sand to dense, lush SAV. This site is dominakegbgtinatusandP.
perfolatusthroughout the summer. From May through JMyguadalupensiandS. pectinata
are prevalent in the systdoat their presence declines through the summer. In August,
americanabecomes dominant and stays dominant through the month of Septavhber.
spicatum, Z. palustrigndR. maritimaare periodically intermixed with the other species at this
site.

Blounts Bay

Blounts Bay (hereafter BLB) was selected because it is a good representation of the lower
salinity SAV communities of NC and for its proximity to areath historicSAV data. Patchy
SAV occurs here i 1 m of water. This site is dominated by. pectinatus, P. perfatus,and
N. guadalupensisn May andJune but changes t8. pectinata, R. maritim&, palustris,andV.
americanain late summer.

Rapid Assessment Sites

Nine rapid assessment study sites were selected that represent SAN loedsalinity
environments in NCHigure8, Table 2). These sites were chosen based on historical
information obtained from thC Division of Water Quality (Jill Paxton, NCDWQ personal
communication)NC Division of Marine Fisheries (NCDMF), and the 2011 SAV map produced
by the Albemarlé?amlico National Estuary Program (APNBEFgure2). Three of the sites
(BB, PR, SP) were located in Albema8ieund three in the Ralico River (BY, JC, RC), two in
the Neusdriver (NR, TR), and one in Bay River (FB). All of these sites are in areas of low
salinity; the sites in Albemarle Sound have the lowest salinity, and FB has the highest salinity of
all of rapid assessment sitgsidied.
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Figure8. Study areas forapid assessment study sites (salinity areas) usinghoreparallel
SONAR surveygaired with systematic drop camera paints
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Boat-Based Monitoring Techniques

Underwater Videography

To evaluate the feasibility of using underwater video to collect quantitative information
on SAV distribution and abundance, specific equipment was selected given the unique
conditions of NC SAV environments. Equipment and configuration used in this project
facilitated portability on a small vessel while ensuring acquisition of high quality video images
and limiting sources of variation in acquiring and classifying SAV habitat. To overcome
expected limitations due to underwater visibility, we tested awigight compact black and
white high resolution (600 lines) underwater video camera (Sartek, modetMS&3L With a
light sensitivity of 0.0003 Lux, this camera provided clear underwater video images during
periods of extreme turbidity and low light cotidns (Secchi depths < 10 cm), which are
frequently encountered in NC coastal waters. For field deployment, the video camera housing
was mounted ahead of a small wheel secured to the base of a PVC pole approximately 13 cm
above the substrate with the lggr@nting down Figure9). This distance and orientation was
governed by the focal length of the lens and standardized the video image frame size at
approximately 20 cm x 20 cm. The wheel enabled the entireappdo roll along the bottom
as the vessel navigated forward along each transect. The pole was secured to the gunnel of the
vessel by an aluminum frame which permitted a pole operator to raise and lower the camera
during deployment and secure the endiegice out of the water during movement between
transects and sampling sites. The maximum depth the paliéb= deployedvas 2.5- 3.0 m.

The aluminum gunnel clamp was designed so that it secured to the gunnel but could be moved
and adjusted to fit aariety of different vessels.

During data acquisition, the operator positioned the vessel at a predetermined waypoint
using a differential global positioning system (DG#®&¥ed navigation system and advanced
along a transect line toward a terminal waypaattempting to maintain a forward speed
between 0.5 kt. and 1.0 kt. Preliminary tests revealed that speeds in excess of 1.0 kt. resulted in
blurred images that were difficult to classify. The vessel operator was accompanied by a second
individual thatadjusted the vertical elevation of the pole in the gunnel mount, ensuring that the
camera was stabilized at the proper height above the bottom. A third individual aboard the
vessel managed the electronics, sgwcking the video signal and DGPS to enslia¢ data
were beingoroperlyacquired. Data along the vessel track was collected as a GIS ready shape
file using the high precision Trimble DGPS, with the antenna mounted at the top of the camera
pole. Winds and tides frequently prevented acquiringréeptly straight transect line.
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Figure9. Underwater SAV video collection methods. (A) Schematic of weseahted
underwater video camera; (B) photograph of the underwater camera (Sartek®) and wheel
(C) screen capre of underwater video with position, date, and time stamp from the vessel
mounted GPS and electronics. Camera is in diaemg orientation at a fixed height above th
bottom (13 cm) and frame size of 8197,

The electronics on board the vesseleveonfigured to simultaneously send both the
video and DGPS information through antmrard device (Horitap a digital video tapahich
stamped the time, date and geographical coordinates on each individual vided-fcame9C).
The DGPS positiowasupdated every second and stored as a point shape file, ensuring an exact
match of the video frame with the vessel track line during video classification. A backup copy of
the stamped video data was then stored on DVD tape $¢ppmcessingKigurel0).
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Figurel0. Diagram of underwater video and geographic data collection methods. Mergin
video from a high resolution underwater camera (Sartek®) with higgigion differential global
positioning system (DGPS, Trimble®) while in the field producedmgetified underwater
video that was classified in the laboratory.

The underwater video was pgsbcessed and classified in the laboratory. Step by step
directions for file preparation and classification are locatekppendicesiand2. Video data
were analyzefor the presence of SA®t 3 s intervals (~1 m distance interval along a transect)
by a trained observer. Preliminary surveys identified thavassel speed of ~1 kt and a video
capture rate of 30 frames per second, classifying one frame every 3 sec minimized the risk of
classifying the same frame more than once and is nearly equivalent to classifying one frame (400
cn?) every meter. SAV presenabsence was scored using a binomial code (1 = present, 0 =
absent) and entered into the shape file at the matching position and time stamp. Seagrass was
defined as present if any portion of a rooted SAV (leaf, flower, basal area, or entire plant) was
visible in the analyzed frame. Any frame that was obstructed (i.e. the bottom could not be
distinguished in the frame) was given a designation of unclassifiable. Unclassifiable points were
removed prior to analyses.

Video Classification Training

To ensue that all SAV video classifications were uniform among observers, all personnel
were trained using a standardized approach that allowed us to measu@nohiatraobserver
classification variation (following methods derived in Reeves et al. 2006k, bleservers with
little practical experience but knowledge of the project were defined as novice (hereafter NOV).
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Persons with prior experience classifying SAV transect video were categorized as experienced
observers (hereafter EXP).

A total of six SAVtraining transects were provided to all observers (three NOV and three
EXP; Table3). Three of the six transects were repeated three times foolgmaver
comparison, for a total of 12 training transects. ffaming video was approximately 2 hr. in
length, and observers were asked to complete the video classification in less than 8 hr. but this
could extend over a period of days to weeks. Video classifiers were not asked to conduct this
analysis in a singl8-hr period because accuracy was assumed to decrease throughout the day as
the observer became tired of classifying video. Video classification was completed using
methods defined in the previous section; briefly, one frame every 3 s. was classiftgd usin
binary code (1 = present, O = absent). For each transect, the fraction of SAV was calculated as
ratio of total SAV presence points bydabhumber of classified point$o test the null
hypothesis, that there was no difference in fraction of SAM)(classified by observer type
(NOV and EXP), a model Il ANOVA was used. We assumed observers were representative of
the potential variation of all possible observers; they were therefore treated as replicates of
observer type.

Table3. Description of SAV habitat attributes for selected video tracks used in the observer
calibration exercise, including total number of image classifications (total classifications).
Segments denoted by asterisk were classified three times by eatciiesb Fraction of SAV
(Fsay Was calculated as mean of all observers and all replicates for each track.

Track Total

Number Classifications Fsav Habitat description
1* 197 70 Relatively dense and continuous SAV
cover.
2* 183 19 Patchy to sparse SAV
3 190 74 Shallow water SAV, nearly continuous
cover. Good ambient light and water
clarity.
4* 180 63 SAV are small patchy clones and

seedlings. Plants are generally clear of
epiphytes. Good water clarity and ambig

light.
5 194 14 Patchy SAV trasitioning to sand.
6 194 50 Generally patchy throughout track.
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SONAR Monitoring Method

The hydroacoustic data (hereafter called SONAR) were obtained using a BioSonics DT
X echosounder with a 42(Hz singlebeam transducer deployed from a smalbeég-igurel1l).
A Garmin 17X HVS WAASenabled or JVC 212W DGPS unit was integrated with the SONAR
for highly precise, highly accurate geeferenced data. The GPS antenna was positioned on a
pole mounted to the console of thesgel, which was ~1 m away from the transducer. The
transducer was positioned ~0.3 m under the surface of the water using a gunnel mount. The
vessel followed transect lines at a speed between 2.5 and 5 kt., with an average speed of 3.3 kt.
(2.7 m/s). Beause the transducer was fixed on the vessel and the sonar beam is conical in shape,
spreading at a 1:10 ratio of diameter to dept
bottom. Shallow pings cover a smaller area and deeper pings covetea grea, thus in a
single acoustic report of 10 pings, an area of 0.0dfrthe bottom at 1 m depth and 0.14 ah?2
m was surveyed. With increased boat speed, the linear distance covered by an acoustic report
increased. The linear distance sampled $ingle acoustic report averaged 3.4 m with 5 pings
per second. Pulse duration was set at 0.1 ms.

SONAR signals were received and recorded to the memory of a Panasonic Toughbook
laptop computemodel CF29 using BioSonics Visual Acquisition softwafgdurel?). The
data were imported into BioSonics ECOSAV2, which interprets the-echelope of a signal and
classifies a point as SAV present (1) or absent (0) and the parameters in ECOSAV2 were adjusted
in thesoftwareto address falspositive detections in areas with soft sediments Aggeendix 3.
All data collected i< 0.4 m from the transducer are in the niégd, and excluded by the
EcoSAV2 algorithm. Thus, for this study, only depths > 0.7 m {fielt plus transducer depth)
were considered. The ECoSAV2 algorithm groups all the pings in a file (typically one transect)
into acoustic reports of ten pings each, computes the % SAV cover for each acoustic report using
the ECOSAV2 algorithm (see belovexports an output (*.CSV) comma separated text file with
the latitude and longitude for each acoustic report, along with the date, time, acoustic report mid
ping number, depth in m (adjusted for transducer depth), SAV cover (%), and plant height (m)
for that ping report. The SAV cover (%) for each acoustic report was determined by the total
number of SAV positive points divided by the total number of pings within the given report.
Because an acoustic report occurred at a distance interval of ~3 m albrtgpeaect, a 36
transect would have approximately 100 acoustic reports obtained from ~1,000 pings. The output
of ECOSAV2 was exported into a Microsoft Excel spreadsheet, and imported into statistical
software such as SYSTAT 13 or R 2.12.1., or intoMap 9.3 GIS software.
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Acoustic (Single-beam SONAR) Method
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Figurell SONARsystem (BioSonics DTX echosounder with siAgeam 426&kHz transducer,
and Panasonic Toughbook laptop computer for data acquisition). Bio&E@RSAV2software
was used to pogirocesseach data file acquired by the DTAIl pings are classified by the
ECOSAVZ2algorithm as positive or negative for SAV and each acoustic report of 10 pings is
summarized by latitude and longitude as % SAV cover (number of|8itive pings/10 possible
pings x 100) in th&ECOSAV2output. The upper diagrafrom BioSonics, Inc.shows how the
SONAR system is used from a moving vessel with two hypothetical acoustic reports shown
(yellow pings are SAV positive, brown pings are SAV negative). Each ping ididigram is
shown as a circle, with 10 acoustic pings per report cycle, and all reports asfegeaced at the
mid-ping location using differential GPS. In this example, 40% SAV and 70% SAV was mee
for the two acoustic reports. The bottom pasen echogram showing what appears to the
operator on screen of the laptop as the vessel has passed over a SAV bed (green acoustic
above the bottom between pings 400 and 500). ID@pt was collected at each piag well, so a
continuous displagf bottom depth and SAV coverages obtained along transects, and these
variables date, time, latitude, longitude, % SAV cover depth, and plant height in cm above b
are reported biECOSAV2in an output file
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1L Visual Acquisition - BioSonics, Inc. - Advanced Digital Hydroacoustics
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Figurel2 Left: The echogram from Visual Acquisition software of the SAV at NPR acquir
by the BioSonics DTX system in June 2009. The SAV plants are visible as a green regio
extending above the bottom beginning at approximately ping 400. Theuiatezone\yhite
zone) just above the bottom is an indication that the bottom is not covered with SAV at pi
prior to that. Right: The singlping echo envelope of the same site at ping number 770-(S#
positive arrow shown in echogram). The echo envelope shbattan echo at 1.1 m depth
and a plant echo extending from the bottom to echo to the depth of 0.9 m (canopy height
this difference (canopy depth to bottom depth), a SAV plant height can be computed. Ec
algorithm parameters are indicated ois thverlay.

EcoSAV1 (and EcoSAV2, which has an improved user interface, but is otherwise similar
in the algorithm used to ECOSAV1) is a ppsbcessing algorithm, so files collected by Visual
Acquisition software (which has a raahe echogram day) are analyzed for SAV presence
after data collection is completed. The ECoSAV?2 algorithm is describ&ppiendix3
(summarized from the ECOSAV2 guide to users, BioSonics, Inc.). Note that some algorithm
parameters imPAppendix3 are useidefined, and data files collected in the field can be re
analyzed withalternativeuserdetermined settings.
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Diver Surveys

Following methods of other monitoring programs (&grako et al. 2002, Fourqurean et
al. 2002), we completed an assessme®AN usinganin-water diver surveynethod Diver
surveys were done while dropping quadrats while wading in very shallow water, or while using
snorkeling gear working at depths I¢ésan 2 m. At SPS, we used SCUBA because SAV was
detected at depths >2 m. Two persons worked to get the quadrat data at these sites using a
handheld Garmin 76Cx map GPS receiver to locate sampling pDinés.surveys were
completed in 2009 and 208D all intensive assessment sites.

In 2009, diver surveys were completed using’huadrats sectioned into 25 cm x 25 cm
squares, divers recorded the number of squares occupied byB®\iver surveys were done
only at NPR in this year.Quadrat dcations were randomly distributed across the site with a
minimum separation distance of 2 m (n quadrats = 29). This approach may slightly over
estimats SAV coverover methods using basal arbat it eliminates betweediver error
associated with estirting percent cover based on visual assessments of basal or canopy cover.
For more information on quadrat site selection,Ageendix6.

Diver surveys were completed 2010at all intensive sites at each visitorderto
compare the quadrat data with SONAR anddsess the general trend of SAV cover in the main
area of the bed (< 2 m depth) over time. Fes#diver surveysye used slightly modified
methods to improve compatibility with the SONAR detectioethod. At each intensive
sampling site (BLB, NPR, JBS, and SPS), diver surveys of SAV percent cover, species
composition, and canopy height (cm) were collected usingduadrats sectioned into one
hundred 10 cm x 10 cif®.01 nf) cells. After SONAR ampling was completed, 100 random
pointsat depths <2 mwerelecedu si ng Mi crosoft Excel 6s random
the acoustic reports in the ECOSAV2 output &ileng the transectshbtainedirom the SONAR
The md-ping positionf each radomly selected acoustic report wévadedas waypoint®nto
a handheld Garmin GPSmap 76Cx. Divers navigated to@B&waypoint and collected
percent cove(number of cells with SAV present divided by 100 gedisd SAV species
composition from up to 66nean = 41) of the randomly selected points within a given SAV bed.
For each randomly selected waypoint, three quadrasaniples were haphazardly collected,
where the quadrat sampling began at the waypoint and moved toward shore. This allowed us to
incorporate the variability of SAV at a single waypoint. From the three quadrats, we estimated
the median percent SAV cover at each waypoint.

Remote Sensing Monitoring Method

Aerial imagery forcoastal NGwvas collected over avb year period fronSpring 2006 to
Spring2008. Efforts werenade to meedll the environmental parameters outlined in Ferguson
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et al. (1993), Dobson et al. (1995), or Finkbeiner et al. (20@&hn obtaining remotelgensed

aerial imagery to map SAV during all NC mapping effofisese environmental parametars
described in detail idppendix 4of this report. All imagery was collected with the same
airplanemount ed sensor, I ntergraphoés Z/ 1 Digital
band camera that collects data in bhee, green, red and neafraredspectrum The statewide

mission wagonducted in fall 2007 and spring 2008 dlogvn at 24,000 ft. (7315 myith a

pixel size of 1 m.Separatemagery for Bogue and Back Sounds and the mainland side of Core
Sound colleted in May and June 20@@asflown at 10,000 ft. (3048 m) for a pixel size of 0.3 m.

The 2006 imagery was flown under separate contract for NOAA and used because of the
superior water quality during the 2006 acquisition.

Thedigital photos weréoaded ino ArcGIS for manual oiscreen digitizing using the
procedures as describedRohmann and Monad@005). Digitizing scale was typically set to
1:3,000, except when larger hormengus areas required zooming out to a beoadale typically
1:6,000. Habiat boundaries were delineated around benthic habitat featuresi@ag. with
specific color and texture patterns). The image mosaic was occasionally manipulated in terms of
brightness, contrast and color balance to enhance interpretability of sabile$eand
boundaries. This can be extremely helpful, especially in deeper water where subtle boundaries
or problems caused by turbidity can radkatures difficult to detect. Minimum Mapping Unit
(MMU), the smallest feature that is delineated, was apmprately 0.03 ha. Deciding on a MMU
is a balance between providing maps with sufficient detail to meet the requirements of parties
using the maps and the time and cogirtmlucethe maps.

Sampling Design

Intensive Assessment Sites

SONAR, video, and cadrat surveys were collected along these transects and throughout
each site in 2009 and 201Daple4). Each intensive site had a survey region that was defined
by a rectangular area approximately 300 m x 300.69 knf. If the SAV distribution extended
beyond the boundaries of the original survey area it was expanded to encompassttte deep
depths to whiclSAV was distributed (SAV deegdgg. The survey regions were extended at
two sites, SPS and NPR. At easste, 48 transect lines were determimegkiori using a
systematic approach. In this approach, the starting point for the first transect was randomly
sampl ed from t he MiwhereM=(L/®,L giws thefetgth (irRmeterd) of,
the basline in each site (300 m x 300 m box), and the number of transect$hus there were
300 hundred separated potential starting sites to chooseRodimwing random selection of the
first transect location, remaining transects were evenly spdaaders apart Figurel3). For
all study sites except NPR, this transect layout was followed. In the early phase of this study, it
was not known whether the directionalitytcdnsect lines had any influence on ability to
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detect changes in SAV covero examine this question, in 2009 the NPR transects were
completed in two directions across the study area, with 15 transegigroximateljthe N-S
direction (perpendicular to shore) and 10 transecapjmmoximaely the EW direction (parallel

to shore).To examinethe effect of transect orientation, we graphicakamined the mean value
and standard error (SE) for the fraction of SAV on each transect.

Table4. Months n 2009 and 200 where SONAR (S)ideo (V), and quadrat (QQurveys were
conducted at each intensively surveyed site.

Jun. May Jun. Jul. Aug.

(2009) (2010) (2010) (2010) (2010)
BLB S/IQ SIVIQ S/IQ S/IQ
JBS S/IQ SIVIQ S/IQ
NPR SIVIQ S/IQ S/IQ S/IQ S/Q
SPS S/IQ SIVIQ S/IQ

= - h . s A s
il I . 3 [ o -

Figurel3. A visual depiction of a systematic sampling of a potential SAV study site, using
grayscale image of seagrass distribution in NC. The placement of the first transect is sele
randomly aywhere to the left of the dashed line; thereafter, transects (solid lines) are equi
spaced across the baseline of the survey area.
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Rapid Assessment Sites

Following two years o$urveys and investigations at inéensive sits, it becameevident
tha monitoringthe entire state's SAV resourdgsunderwater videwould result inan
unrealistic effort an@xtremelyhigh cost. We also recognized that a large portion ofttiveid
low salinity SAV area had never been monitored by any method@ndd not be detected by
aerial remote sensing, thus leaving a potentially large area of unmapgpedmonitored
resource in NC Without prior knowledge of the SAV resource distributiowill be difficult to
define a sampling universe for probabilistic basachpling in any future regional or statewide
monitoring programTo address #seissues, we began evaluatintpe potentiafor developinga
more rapidSAV survey and mappingrotocolin low salinity areas using combination of
SONAR andhe underwaterideo configured aadrop camerdor pointsource video validation
of the acoustic data

To selecsites andransectsvithin sites, we used county shoreline maps obtained from
NC One Map littp://www.cgia.state.nc.us/DataResources.papd a bathymetrgnap from
NOAA (http://coastalgeospatial.noaa.gov/back_gis.htrolsing the measuring tool in ArcMap
we determined the distance from shore to the 1 m isobath to create a buffer layer around the
county map. The pol ygon whe dataimanmagementdanlbokagnd t h e
converted into a straight line using the polygon to line tool. A new polygon was created that
encompassed ~10 km of shoreline. This buffered shoreline was clipped to the new polygon,
creating a line following the shorelitieat was ~1é&km long. Next, the shoreline was merged
into one continuous |line using the Amergeo fu
Aexploded function in the endintdrvalsalongehisline Poi nt
using dede fNdolii n Thisgeneamtdd attransect fine that was recorded as an
ArcGIS 9.3 shape file along the meandering shoreline at an approximate depth EigLned).
These points were then exporiatb a handheld Garmin GPSmap 76Cx. This line was used as
an approximation for locating video drop camera points in the fi@lite the starting point was
selected within a given site (see below), a singikrhdong shoreparallel transect was sampled
using the combined sonar and video drop camera métfioein collecting the video and
SONAR data, we followed therh isobaths, even if it meant straying from the previously
created line.

To facilitate surveying these long transects at the rapid assessites, we modified the
SONAR deployment. For each site, we used the same SONAR system except we placed the
transducer on a BioSonics BioFin towing body hooked to a boom mount on a vessel and towed
through the waterigure14). The transducer was positioned at a depth ~0.6 m below the
surface of the water. We towed the BioFin through the water, similar to the intensive site
sampling, except that we sampled along tme ikobath, moving shongarallel. TheSONAR
data were aglyzed in exactly the same manner as stat¢de SONAR methods section
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Figurel4. Photos of the SONAR (Biosonics DTX transducers on tow body, BioFin) and tow
body being deployed &R.

For pointsource video validation dhe SONAR data, we attached the SARTEK-ow
light video camera to a fulgxtended 4m pole using zip ties at a distance of ~20 cm from the
bottom of the pole. This camera position created a different distance above the bottom than was
used at the intensdvsites for videography. Because the camera was lowered to the bottom,
rather than rolled along the bottom at a fixed focal distance, the area sampled was potentially
larger than at the intensive sites. Instead of driving the camera along a trana@st (as
completed at intensive sampling sites),deployedthe polemounted camera at 160 intervals
along the transeett a distance abowkebottomor the SAV canopy in order to visualize the
presence or absence of SAWe began to cldct video data ahe end of dransect, creating a
starting waypoint on the handheld GPS unit. From this point, we followed our transect line ~100
m away from the point (as measured on the GPS) and collected another video sample for SAV.
This process continued down tha&iee length of a transect.

At each sample point, a waypoint was created with an average GPS position because the
drop camera was lowered three times in rapid succession from the boat at each point. One
person recorded the underwater video framesrmmaDV tape at each point along a transect,
while a second individual drove the vessel, collected the waypoints, and handled the drop
camera. In the lab we reviewed the video and documented SAV presence or absence at each
recorded point. At all sites egpt BY and NR, a waypoint was taken at the point of the camera
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drop using a Garmin GPSmap 76Cx. At BY and, NB simply went directly to prdefined

100-m interval points on the transect line and did not take a GPS reading. Data from these latter
two sites were removed from further accuracy analyses because we were unable to determine
how close or how far the points at these sites were actually taken from the SONAR transect line.
The video data were analyzed so that every point was assessed for Sh¥ranaff the three

drops contained SAV the point was classified as SAV present (1) which may result in an
overestimate of SAV presence. If SAV was absent in all three camera drops, the point was
classified as SAV absent (0).

Time and Costs Estimates of Monitoring Methods

Throughout this study, all equipment used, the number of personnel needed to complete
all tasks, and the time spemhile in the field and lab to prepare, demobilize, and analyze data
were recorded to make preliminary cost estimategdch methodWe did not include travel
costs as these were variable depending distance of the site from each lab@uaé&disne cost
estimates were also calculated for equipment acquisition.

Data Analysis

This section describes methods of analf@iglata collected by the underwater video and
SONAR techniques. Where analysis methods are consistent between the two techniques, a
single method is described with any differences between techniques noted, this includes fraction
of SAV calculation and @wver analysis. Also included here are detailed analyses specific to
SONAR data, including accuracy assessment and cokriging.

Fraction of SAV

Calculating the fraction of SAV,,) for each transect and study site facilitated a
comparison between théedeo and SONAR survey methods. Thg, represents the number of
SAV-positive observations (i.e., any naaro observations) divided by the total number of
observations taken along a transect for each method. This effegtigglges paired measures
of Fsaybetween video and SONAR along each transect within a given site.

To match the binary data collected using the video method, the SONAR SAV cover (%)
data were converted to a binary data set where 1 =SAV present and 0 =SAV absent. Next, these
data wee used to calculatés,,along each transect, which was determined using the following
equation:
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whereNsavis the number of SONAR reports or classified video images with SAV present within
a transect anblroiy is the total number of SONAR reports ¢assified video images within a

single transect. Thies,, for each study site was calculated as the meatapdard error dBE)

of theFs, for all transects at the site.

Accuracy Assessment

The SONAR method is a remote sensing technique for whilracy assessments are
needed to gain confidence in the estimates of SAV detection and classification. The purpose of
this analysis was to determine the accuracy of SONAR at detecting SAV. For all of these
analyses, we assumed that the underwater vefscted the true distribution of SAV.

To obtain accuracy assessments of SONARrdysect andacrosssites, the nearest
SONAR report to each video point (nearest neighbor) was determined at a range of distances
i ndependent of de pjoii functiossiinnihg ArcThotboxifon AcaGIS®.3.a n d
For intensively surveyed sitasearest neighbor distances of 1 m through 3 m werefased
SONAR classifiedaitdeptls ©0.7 m. For rapid assessment siteaearest neighbor distance of 3
m was used. Only video points scored as present (1) or absent (0) were used; all unclassified or
unclassifiablevideopoints were removed. The SONAR percent cover data were conirgted
binary data (0 = SAV absent, 1 = SAV present) to match the cidseification These data
were exported from ArcGIS 9.3 for use in Systat 13.0 to obtain accuracy values. A simple
matching correlation coefficient was calculated, which producesr@l@imon coefficient output
between 0 andvthichwas multiplied by 100 and usedtasestimate a perceatcuracy.Each
site (intensive and rapid assessment sites) had an accuracy assessment computed this way.
Accuracy was estimated only once per sitewkideo and SONAR were collected
simultaneously (4 intensive sites and 9 rapid assessment sites).

Surface Interpolation Analyses

Kriging and cokriging are geostatistical interpolation tools used to estimate values at
locations between sample poimthich have not been sampled. The output from a kriging
analysis is a surface with estimated values of the kriged parameter. Kriging is a data smoothing
technique that minimizes the effects of outli@nsl as a result decreas@siationwithin the
intempolatedsurface. Kriging modeling involves three steps: 1) the calculation of a variogram, 2)
modeling of the variogram, and 3) interpolating a surface using the modeled variogram
(Holdaway and Brand 2000). The goalariging model is to reduce mearrar (error is
defined here as the difference between a predicted value and the observed value for the kriged
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parameter)median absolute error, and reneansquare error (Isaaks and Srivastava 1989).
Cokriging is very similar, except there are two potdi parametersuch as SAV cover and
water depth

Our bathymetric kriging models in this report usedy one variable (deptim m), while
the SAV kriging surface used cokrigingodek withtwo variablego estimate the interpolated
surface $AV coverand depth) We used alinarykriging (and cokriging)n the Geostatistical
Wizard of ArcGIS 9.3 to obtain visualizatisrof the SAV bed distribution and depth variations
at each intensive study site. €lkriging approachsused the point data from th€DSAV2
algorithm @georeferencedacoustic reports from the SONAR) produce ainterpolatel surface
for eachastudy area.A cokrigingapproactwas usedo predict SAV covefrom depthbecause
light is aknownlimiting factor for SAV growth ands a funtion of depth (e.g. Dennison 1987).
The cokrigingmodel assumed that depth and SAV presence are highly correlated.

A kriging or cokrigingmodel's effectiveness is determined through evadisiation and
sensitivity analysigHoldaway and Brand 2000)n a crossvalidation analysis, each observed
data point is deleted and the remaining points are used to predict the observation point. The
predicted value is then subtracted from the actual value, leading to a standard error calculation
(Cressie 1991)For the standardized error plots shown in this report, we used the Geostatistical
Wizard in ArcMap 9.3 to subtract the predicted values one at a time from the measured values
and divide these by the estimated kriging standard errors.

We also conducted ssitivity analyses of three types of cokriging models to predict SAV
presence at each intensive sif@ conduct sensitivity analysis, thrdeigingmodels( fi | d e a |
Covero, dldeal Bi nar yeatedar thelNPR Intensieelsite Bigh ar y o) w
"Ideal" models were ones in whithe crossvalidation parametersriean error and roehean
square errgrwere minimized by adjusting the lag distance and nearest neidistamcs used
in computing the semiariogram whichwereinitially setat a hg distance of 2Zm and 5 nearest
neighborgArcMap default values)These weradjusted to include mom@ fewerpoints by
changinghe lag distance (from 7 to 30 m) and the number of nearest neighbor2 (firoough
30 points, see details Appendix ). We cal |l ed t hese models fdideal o
bestcrossvalidation result.In thei dealC o v enodel, we used the SAV cové) from the
acoustic reports directly as outputted from EcCoSAV2t Im elealB i n amodelp we used a
dichobmizedSAV data set, where acoustic reports with SAV cq¥erO10 % were converted
into SAV present (1), otherwise were scored absentR0).the third modefiLocalBi nar y, 0
very small lag distances and number of nearest neighbors were used fterh@ation. In this
model, we usedichotomizedSAV data as input, the lag distance was set ah 40d the
number of nearest neighbors was set atile this model did not produce the best cross
validation results for the site, it reduced smoothihgot he i nt er pol ated surf a
SAV and depth values to be more influential in fitting the modeled SAV surfameall three
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models,cokrigingproduced arsAV predictionsurfacethat varied from 0.0 (SAV absent) to 1.0
(SAV present with higlprobability), in steps of 0.1. This surface was tbigoped to the study
regionand onvertednto an SAV presence polygon, where SAV > 0 was predicted (values 0.1
or greater up to 1.0)Next, the polygorwas converted into a raster model, with a psieé of

1.0 m, using the conversion tools in ArcToolbox.

Thekriging surfaces from these modéisthe sensitivity analysis were compared with
knownobserved data points find the bestfitting SAV surface One way to do this validation
was to compar the surface from each of the models to the known SONAR observaifibas.
ECOSAV2output percent cover the known SONAR observation to which the cokriging
surface is comparedd this kind of validation These comparisons are not reported in the
Resuls, but can be observed in the cokriging surfaces and sonar data presépieehidix 8
Another way tadetermine théestfit kriging model was to computgccuracyelative to video
of thecokrigingsurfacesat NPR in whichvideo pointsobtained at thatitewere placed on top
of the SAVcokrigingraster surface. The video points that were entirely contained within a
specified surface were selected, using the 'select by location' option in ArcGIS. These points
were then "punched through" the rasterizeldrigingmodel, using the ‘extract values to points'
in the spatial analyst toolbox. This created a new column in the video data set that contained the
SAV value (1 or 0) from theokrigingsurfacefor eachpoint overlaid. This data set was
exported fom ArcGIS 9.3 and used in Systat 13 to determine the variation in the accuracy for
each of the models. To do this, a tway table was used with tipeesenceabsence 06AV
determined by videasrow variable and theokriging SAV presenceabsenceesultsas the
columnvariable. A botstrapping resampling approactvas then used to determine the
accuracy of each cokriging model. For the bootstrap.eleeida sample size dfOOvideo
comparison pointat random from the 7515 available at NRRd thisvideo sampling effort was
replicated100 timeswith replacement. The overall accuracy was then computed for each
replication andised to determine ¢hvariability in the accuracy relative to video pointsdach
cokrigingsurface. All of the threeokrigingmod el s ( il de al C,anderr Al deal
A L o cimalyo) viliere compared and timeodelwith the highest accuraaglative to the video
classification was chosen. The selected model's input variables weie gséthe cokriging
parameters for thetherintensivesites at all survey dates

For eaclof the intensive sitegshe measure of the area covered by SAV was determined
by computing the area predicted to have SAV within each cokriging surface by survey date
This SAV-positive area estimateas divided by the total ar@aterpolated with cokriging agach
study site to obtain the proportion of area covered by any SAV (hereafter called Relative

Abundance of SAV, R&,):
_ Area of SAV
" Total kriging Area

RAS'EL‘
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If the entire area was covered with SAV at a site, thag,R 1.0; if no SAV was present at a
site, then RA,= 0.0. This provides us withgmarameter (R4,) to estimate the change in a
SAV bed over time

Power Analyses for Detecting Change in SAV Abundance

We conducted two types of power analyses: mutated video transect data derived
from three binary SAV distribution archetypes mapped using ISODATA clustering of aerial
multi-spectral digital imagery, and 2) simulated SONAR transect data, derived from a cokriging
surface of a binary map of SAV froma&h intensively studied site.

Simulated Video Transects

To conduct a quantitative power analysis from underwater video transect data it would be
necessary to fAoversampleo the range of SAV di
slow rate of dta acquisition using underwater video transects (>100 hrs / site), this would
require a prohibitive amount of time and expense to conduct the necessary amount of sampling.

To overcome this handicap, we ut i |lbinamyecadeda Avi r
aerial imagery to simulate video transect data from a representative range of SAV distributions
typical to high salinity environments in NC. Virtual sampling had the advantage of exploring the
sampling intensityequiredto detect change fa variety of different SAV bed distributions

without investing months of field and laboratory time to acquire data.

Three SAV distributions, encompassing nearly the full range of potential spatial
variation, were selected from high resolution digitahgery of seagrass beds in Bogue Sound,
Carteret County: 1) shoreline fringing meadows with narrow, medium and wide widths, 2)
patchy beds typical of open water, and 3) larger beds interspersed with unvegetated blowouts
(Figurel15; see remote sensing survey for detail description of acquisition specifications).
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horeline fringing

T R e

B. Patchy

4 el e

C. Blowout

Figurel5. Three seagrass distribution archetypes, common teshigtity areas of NC, used ir
power analyses. In each caae,aerial photograph was taken from Bogue or Back Sound, M

digitized such that individual pixels represented approxim&a&$3m x 0.333m, the area

typically in each video frame along bdzdsed transects. Gray represents cells occupied by

(presence), while white represents absence of SAV.

We derived the SAV information for presence/absence by extracting and classifying
spatially articulated seagrass distribution data from the three digital images using the Iterative

Self-Organizing Data Anabis Technique (ISODATA) unsupervised clustering algorithm

(Jensen 2005). In remote sensing clustering algorithms, pixels with similar spectral properties

are assigned to subsets (called clusters). ISODATA is iterative because it makes a large number

of passes through the dataset until specified results are obtained. The ISODATA algorithm was
used to form 100 initial clusters. These clusters were then labeled by personnel (Don Field)
experienced in interpreting imagery to derive seagrass coverage thbugh the classification

was to be binary (either seagrass or bare substrate), it was important in the initial cluster labeling

to identify a much larger number of classes due to the range of seagrass reflectance. For
example, several different classéseagrass were identified based on natural brightness
variation caused by variation in depth. Then iterative ISODATA classifications were performed

on the

t wo

categories

ndi

Vi

dual

y

by

mas K i

b u s t thenxcgmpater is allowed to query the multispectral properties of the masked scene with
userspecified criteria to identify mutually exclusive clusters {idimensional feature space. By

masking out all data but a single category, the spectral variagosaiby reduced, thus
decreasing classification errors. After several classification iterations of the masked data, final
classification labels were assigned to the spectral clusters to obtain seagrass presence or absence

(Figurelb).

Next, each of the three digital representations of the landscape archetypes were imported

into the R programming environment, where the resolution of the image approximately
represented @.33by 0.33meter square (the level of rdégtion that is actually obtained in field
based video transects). The contiguous image was 902 x 902 pixels, while the blowout and

41

ng



patchy i mages were 1006 x 1024 pixels and 100
was used to classify it agtleer containing (presence) or not containing (absence) SAV. We

examined the power to detect 10%, 20%, and 40% declines in SAV coverage using two

consecutive occupancy surveys on the three realistic landdcape8ogueand CoreSound,

NC (Figurelb).

Two types of surveys were simulated: systematic sampling (SYS; identical method to
video and acoustic transect identification) and simple random sampling (SRS). Simple random
sampling involved generating randamambers on the base line (the southern terminus of the
sampled area) without replacement. For SYS, the starting point for the first transect was
randomly sampl ed f r onrv} wheeM dfloa(t/m),é gives tlsedength{ 1, 2,
(in pixels) ofthe baseline in each photograph, ans the number of transects. Following
random selection of the first transect location, remaining transects were evenlyMpgzigets
apart. Simulated transects all ran nestluth, along the depth gradient, as irection
minimized variance among transects.

Declines in SAV coverage were simulated by drawing SAV presence for jixile
second surveyz”, from a Bernoulli Z;, p) distribution(Fewster 2011) Here,p was 0.9 for a

10% deahe and 0.8 for a 20% decline, afidepresents occupancy of pixeh the original
landscape. Power and type | error was calculated for each procedure by simulating 100 datasets
for 10, 15, €&, 50 transect s astidaltestsitejectetithet i ng t
null hypothesis of no decline. For SRS, we employeddided ttests. For SYS, we used two
approaches to calculate variance. First, we considered using the variance formula for SRS; this
approach is known to be conservativet is often used because there is no theoretical, unbiased
variance estimator available for systematic sampling (Thompson 2002). To implement this
approach, we started by calculating a pooled variance estimate of

Var (i, - ) = S2,,(2/1),

where i and 5, are the landscape wide estimates of SAV coverage ovetralhsects
(Cochran 1977) for the first and second surveys. The null hypothesis was considered to be

rejected in this case [fi; - B > t, oreen 1 *  Var(; - 1) when calculatig type | error rates
and (I5; - 15) > t, 45 4o 1 * /Var (5, - ;) when calculating power.

As a second approach for calculating variance under SYS, we used a method recently
developed by Fewster (2011) for distance sampling surveys. This approach involved fitting a
nonparanetric smooth function to transect totals to approximate survey to survey variance in
density (or fAencounter rated when detectabil:i
this involved the following steps:
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1) Fit a generalized additive mod&AM) to observed transect counts. Differences in
transect lengths can be easily accommodated by including an offset within the GAM.

2) Use the GAM to predict transect counts (total number of occupied cells) for all possible
transect lines. Call these pretibns iy for transect.

3) For each possible systematic survey (i.e., for each possible starting position
il {122 ,M}), calculate}ij =§ i and L,=aL. whereL, gives the length of
K s K S;
transectine k and s, identifies the set of transects included in systematic syrvey
4) Following Equation 5 in Fewster (2011), calculate variance as
= = = = 2
- 1M E+RBeul g1 kf
Var(lﬁ):_a E Ezz _\l_aEU .
M j=1 L I M j=l L]y

]

Here, PE gives the estimated number of occupied pixekhe image and is computed
asiE= 2 #pixels.

We then used the simple relatioar (5, - ) = var (i) + Var(5) for power and type
| error computations, assuming, - s was approximately-distributed.

Simulations proceeded by laying down vitttransects over landscapes and calculating
requisite quantities (e.grigurel13).

Simulated SONAR Transects

The statistical power at various levels of sampling effort (SONAR transeass)
computed forl0%, 200, and 40% change in SANsIng the simulation approach described
above for the underwater vide®he methods paralleled the approach just described, but with
SAV distributions determined from SONAR data collected as part of this sTigbtain a
lands@pe of SAV presence and absence needed for input to the R code, we converted the
SONAR transect data to a cokriging prediction surface using geostatistical methods in ARCMap
9.3 (see cokriging section above). The prediction surface of SAV presenceraealyss
generated by cokriging SONA#ata (depth and % SAV) used to predict presence or absence of
SAV at each of the Intensive Sites on four dates (NPR, June 2009; JBS, July 2010; BLB, July
2010; SPS, August 2010). To do this analysesyotated theanpling framefor three of the
survey siteso havea horizontal baselinith transects running along the depth gradient from
shallow water to deep wateNPR was rotatee7 degreesBLB was rotated 39 degreesnd
JBS was rotated 94.5 degred3S was natotated. These rotated presenabsence cokriging
surfaces were converted to a matrix of cells 1m on each side, with ~ 300 cells along the columns
and rows. Each 1 x 1 m cell represented the presence or absence of SAV distribution derived
from the cokrging of SONAR at each site. The matrix was entered into R statistical software
and transects were simulated using the same R code as described in the section above for the
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simulated video transects, but here the sample was taken along each transseinae tiistance
(3 m or every 3 cells) as an acoustic report. As above, we used three appiOesinasiated

the simple random sampling (SRS) with shonoemal transects laid down along the baseline at
random,(ii) naive systematic sampling transectsSg¥and(iii) systematic sampling with the
methodof Fewster (2011{SYS;), which lowers the transetd-transect variance by applying a
general additive model (GAM model) to the trandegidata

RESULTS

Boat-Based Monitoring Techniques
Underwater Videography

Intensive Assessment Sites

Underwater videography collection for SAV presence/absence detection was completed
at four intensive assessment sites. Classifiable video was collected under conditions with a wide
range of underwater visibility. Thedeo camera was sensitive enough to visualize SAV in
extremely turbid waters. For example, at SPS, snorkelers had to be within 5 cm of the substrate
to visualize SAV presence/absence while the video was clear and classifiable at the fixed height
of 13 an above the substrate. Data analysis and findings specific to each intensive assessment
site are described in detail below.

Newport River (2009)

NPR had the most comprehensive survey by both video and SONAR techrdques.
marina was the primary seagra observed at NPR while occasional small patchBs wfaritima
and/orH. wrightii were encountered. Fraction of SAV cover for all transects combined was 50%
using video classification methods and 28% based on diver quadrat stradg<$). Fraction
of SAV quantified by underwater video was significantly different between the two survey
directions (NS and EW oriented transectJ;abde 5). SAV cover using underwater video was
significantly greater in the 8V than in the NS direction ¢ = 25.983, p < 0.001). Diver
quantified SAV cover in quadrats ranged from 0 to 98% among sampled quadrats and was less
than that measured using underwater videddg 5). Extreme values ofréction of SAV cover
between the two sample directions quantified by video transects, were siglae6); SAV
cover ranged from 0.160.80 in the easwest direction and 0.150.68 in the orth-south
direction. There was a clear gradient in SAV cover across the NPR sitewdsastriented
transects had lowest cover at extreme north and south edges of theygidé @nd EW10),
while SAV occuredin greater densities within the middletbe meadow. Also, ¥ oriented
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transects generally exhibited decreasing cover when moving from e&@IINto west (N515).
This gradient in SAV cover is shown in a geatified colorcoded plot of all data point&igure

17). SAV distribution classified by 2@008 statewide aerial surveys captured the densest areas
of SAV; however in our 2009 survey, SAV extended well beyond this area, bothsilorgand
offshore Figurel?).

Tale 5. Sampling effort and Fraction of SAV from NPR using classified underwater video
transects and quadrats (£)m

ethod Directio 00 anse action o
A\
Video EastWest 3757 10/10 0.530 0.008
Video North-South 3948 15/15 0.472 0.008
Video All combined 7705 25/25 0.500 0.006
Quadrats All combined 29 0.288 0.054
1.0
0.8 [
LIPS ° o °
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Figurel6. Fraction of SAVcover by transe at NPR in 2009, as classified by underwatdeo
methods.Grand meaifraction SAV cover (x SE) by transect directior\(Eand NS) are also
provided.
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Figurel?7. Classifiedunderwater videtransects at NPBverlain on an aerial photograph of th
site. Each point represents a classified videanfe; SAV presence is colored green and abse
is beige. SAV extent, based on aerial imagery from the -Z008 statewide SAV mappings

delineated by yellowolygors. Dark areas in lower portion of the image are emergent mars

At NPR, we addressdtbw transect orientation might affect our ability to detect changes
in SAV cover. By completing 15 transects in th&SNlirection (perpendicular to shore) and 10
transects in the&V direction (parallel to shore), we evaluated the best direction to place
transects across a site, yielding the highest power to detect changes in SA\Fgure().
Extremely low SAV cover at&V1 and EW10 are likely driven by depth limitations with
insufficient light at EW1 anddesiccation stress at\&10 contributing to the low cover
estimates. Knowing we have captured both the shallow and deep edges of a seagrass bed is
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important to change detection, as it has been previously identified that change generally occurs
first along the margins of a seagrass meadow, especially the deeper edges. However, variance of
SAV cover among BV transects is slightly higher than oftransectsRigure16) resulting in

reduced power to detect changeSAV cover. Based on the video classification data from this
survey and those of power analysis (data not shown), it was determined that the best orientation
of transects is along the depth gradient.

Jarrett Bay (2010)

Nine of 48 preselected randormansects were surveyed using underwater video in July
2010 at JBS. SAV was found in shallowest portions of the survey site and was virtually absent
beyond a depth of approximately 1 m. The densest SAV was in extremely shallow water and
inaccessible by . SAV transects were started at the closest point to shore, 0.3m depth, and
were generally within 0.6 m of the edge of the SAV meadow at the site. SAV cover was fairly
consistent across transects, with a mean fraction of SAV occurrence acrosséttt ¥e
(Figurel8). Nearly all SAV was located in the 10 m closest to sheigufe19). In water
deeper than 1 m, there appeared to be SAV in small clumps, but afier ekamination it was
evident these clumps were simply SAV leaf detritus attached to worm tubes that looked like
intact shoots. To avoid misclassifying worm tubes as SAV presence, detailed video was
recorded and time was spent in the field with videssifiers to gain familiarity with the worm
tubes. Nearly all SAV was defined by aerial classification in thé&-2@0statewide mapping
effort. SAV points were rarely detected beyond the aerial mapping poliFgpme€19).
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Figurel8. Fraction of SAV cover by transeat JBS and meaf GE) for all transects in 2010
classified by underwatetideo.
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Figurel9. Classified underwater vidédmm JBS in 2010.Each point represents a classified
video frame; SAV presence is colored green and absenegyes BSAV extent, based on aeria
imagery from the 20068 statewide SAV mapping, is delineated by green (dense SAV) anc

yellow (patchy SAV)polygors.
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Sandy Point (2010)

Four of 48 preselected transects were surveyed using underwater video at SPS in August
2010. SAV occurred across a broad depth range, with small sparse patches found as deep as 3
m. SAV coverage ranged from nearly continuous and dersgmatse, isolated patches. The
species present at the site are listed below in the SONAR results section. The plants were tall,
posing an entanglement problem with the video camera and pole mount. A slight modification to
the camera mount was made by remgvhe wheel and manually adjusting the height of the
camera above the SAV canopy. This modification reduced entanglement, but also made it
difficult to maintain a fixed height above the bottom. The video display screen was checked
frequently to ensurthe video was focused and SAV could be differentiated from other marine
plants. A second challenge at this site was leaf detritus. While snorkeling at the site, the dredged
channel was inspected for rooted plant material. A considerable amount ofttea$ deas
found at the bottom the channel, but no rooted plants were observed. Differentiating between
detritus and rooted material on the underwater video was difficult. Thus the cover estimates for
transects SP32 and SP36, located in and on the étlyge @hannel, may be an ovestimate
[mean (£ SE): 0.17 (x 0.02) and 0.18 (= 0.02), respectively].

Along the four preselected transects, SAV cover ranged from 0.17 (603 (+0.02)
(Figure20). Mean fration SAV among praelected transects was 0.44 (£0.01). SAV was
observed outside the survey area so three additional camera drifts were completed in water
offshore of the 300 x 300 m survey area. Due to water depth (> 1.8 m), a standard transect could
not be completed due to additional drag on the camera pole mount, algiogplified drift
transect was completed with the camera held at a fixed height above the bottom. Three depth
profiles were followed to examine SAV across various depth rangesstanibi held at 2.75 m
(drop 1), drift from 0.5 1 m (drop 2), and a drift from 1i22.8 m (drop 3). SAV transitioned
from dense to sparse in between-1126 m; sparse, isolated patches were found in 2.8 m of
water Figure2l). Inspection of SAV distribution classified by aerial imagery indicated that the
imagery underestimated SAV distribution during the period of peak biomass recorded by
underwater videoRigure21).
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Figure20. Fraction of SAV cover by transeahd mean°( SE) for all random transects,
excluding dropsat SPS in 2010, as classified by underwater video.
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Figure2l. Classified underwater videooin SPS in 2010.Each point represents a classified
video frame; SAV presence is colored green and abseneges BSAV extent, based on aeria
imagery from the 20®2008statewide SAV mapping, is delineated by green (dense) and ye

(patchy)polygors.
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Blounts Bay (2010)

Seven of the 48 preelected transects were surveyed in June 2010 at BLB. SAV was
found inthe shallowest portions of the survey site and was virtually absent beyond a depth of
approximately 1.5 m. SAV was comprised primarilySofpectinatandR. maritima with Z.
palustrisandV. americanantermixed Although we anticipated complications from
entanglement of long leaf blades to the camera system, this was not an issue at BLB. SAV was
entangled on the camera mount only oreg,it did not obstruct the image; entangled SAV was
obvious and analyzed frames were scored accordif@f\ cover was fairly consistent across
transectsKigure22; ranging from 0.19 0.34 fraction SAV), with anean fraction of SAV
occurrence across the site at 0.28.01). SAV was consistently detected about 50 m beyond
the deepest edge of SAV as delineated by aerial imagery inGB8tewide mapping figure
23).

Two additional transects were completed perpendicular to theepeeted, shoraormal
transectsKigure22, Figure23). These two transects, cross deep and cross shaieected the
areas of low and high SAV cover (respectively) to evaluate the uniformity of SAV distribution
across the entire surveyed area (300 m x 300 m). Cross shallow covered an area of nearly
continuous cover (mean = 0.6@.03), much higher thaany shore perpendiculalansect (max
cover at BB28 6©.34° 0.03). Beyond 120 m from the shoreward ends of the transects there was
very little SAV (mean = 0.02 0.01), occurring only in sparse isolated patclregure23).
Beyond a depth of 1.5 m, the sediment transitioned from samdlyto very soft mud, conditions
that are not favorable for SAV colonization.
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Figure22. Fraction of SAV coveby transecand mean®( SE)for all randan transects,
excluding crossat BLB in 2010 classified by underwater video.
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Figure23. Classified underwater video froBLB in 201Q Each point represents a classified
video frame; SAV presence is colored green and abssfegge. SAV extent, based on aeria
imagery from the 2002008 statewide SAV mapping, is delineated bplygors.
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Video Classification Training and Observer Calibration

Inter-Observer

Our video classification training exercise was succes3fae Fs,, quantified by NOV
was not significantly different from EXP observefalple6). Because the tracks selected
priori represented a range efay the significant difference in thH&,, quantified across various
transects wasot unexpectedTable6). There was also no significant difference in the
interaction between track and observer type which identifies that the pattern of no difference
between the type of observer (NOV or EXP) holds true a@bBs,, cover classes (e.g. all
tracks).

Table6. Model Il ANOVA effects table.

Variable Significance
Track 2.5316416 5 0.506328 715.1194 <0.0001*
Type 0.0008520 1 0.000852  1.2034 0.2799
(EXP, NOV)

Track x Type 0.0031913 5 0.000638  0.9015 0.4908

Generally, variance among all observers was small with NOV variance being within that
of EXP (Figure24, Figure25). The largestmongobserver variance occurred on tracks 4 and 6;
however, NOV variance was within EXP variance. These tracks contained intermediate levels of
SAV cover. Track 4 was collected during a period of seedling germination, when SAV clones
(patches) were versmall. Variable plant densities and differences in plant morphology likely
contributed to the larger int@bserver variance. Where plant densities, both low and high, were
more uniform (Track 1, 2, 3, 5), classification of SAV was more consistent anhbsegvers
(Table7, Figure24). The lowest amount of intaybserver variance was on the tracks with the
lowest plant densities (< 20%, Tracks 2 and 5).
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Table7. Fraction of SAV by observer for all test tracks. Only the initial classifications of

repeated tracks (denoted by *),ieised in this comparison.

Observer | 1* 2% 3 4% 5 6
NOV1 0.687 0.18 0.726 0.572 0.149 0.479
NOV?2 0711 0.172 0.763 0.583 0.145 0.448
NOV3 0719 0.171 0.717 0598 0.139 0.531
NOV4 0.766 0.202 0.762 0.661 0.135 0.49
NOV5 0691 0.214 0.714 0595 0.149 0.539
EXP1 0.675 0.204 0.763 0.603 0.155 0.526
EXP2 0.714 0.182 0.763 0.672 0.149 0.541
EXP3 0.672 0.193 0.789 0.592 0.119 0.459

Intra-observer

Intra-observer variance for all transects and all observers was low with the highest intra
observer variage for a single track of 0.04 and mean difference for a single track per observer of
0.03 (Table8). Track 2, comprised of SAV that was generally low in cover and very patchy
throughout the track, had the least variance amortgrak replicatesliable8). Intraobserver
variance for Track 1 was intermediate; replicates 1 and 3 had littleciodexver variance, while
variance in replicate 2 was noticeably larger. Similar to-ob=sever results, track 4 had the
largest variance within and among observergyre25, Figure26). Variance within and
between novice observersigure27) was geatest on track 4, but within the expert variance.
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Table8. Fraction of SAV by observer for all replicate video trariduding the absolute
maximum difference of the fraction of SAV for an individual track replicate (maxatiif) mean
of absolute differences of the fraction of SAV.

Mean Max Mean
SYA\Y diff. diff.

Observer Track Repl Rep2 Rep3

1 0.687 0.713 0.703 0.701 0.014 0.009
1-NOV 2 0.18 0.186 0.191 0.186 0.006 0.004
4 0.572 0.628 0.639 0.613 0.041 0.027
1 0.711 0.646 0.691 0.683 0.037 0.024
2-NOV 2 0.172 0.169 0.158 0.167 0.009 0.005
4 0.583 0.594 0.589 0.589 0.006 0.004
1 0.719 0.709 0.717 0.715 0.006 0.004
3-NOV 2 0.1712 0.206 0.199 0.192 0.021 0.014
4 0.598 0.656 0.654 0.636 0.038 0.025
1 0.716 0.7/04 0.708 0.71 0.006 0.005
4-NOV 2 0.202 0.196 0.21 0.203 0.007 0.005
4 0.661 0.656 0.676 0.664 0.012 0.008
1 0691 0.734 0.705 0.71 0.024 0.016
5-NOV 2 0.214 0.215 0.204 0.211 0.007 0.005
4 0.596 0.663 0.631 0.63 0.034 0.023
1 0.675 0.705 0.696 0.692 0.017 0.011
EXP1 2 0.204 0.193 0.21 0.203 0.010 0.006
4 0.603 0.572 0.628 0.601 0.029 0.019
1 0.714 0.743 0.716 0.725 0.018 0.013
EXP2 2 0.182 0.188 0.198 0.19 0.008 0.006
4 0.672 0.676 0.703 0.684 0.019 0.013
1 0.672 0.689 0.721 0.694 0.027 0.018
EXP3 2 0.193 0.21 0.243 0.215 0.028 0.018
4 0.592 0.638 0.55 0.594 0.044 0.030
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SONAR

Intensive Assessment Sites

Fraction of SAV

The SONAR method allowed us to assess the changeg, over time at the four
intensive study sites. There was a significant declineydiring summer 2010 at both of the
high-salinity study sitesKigure28, Table9; p < 0.000001). The repeated SONAR surveys were
analyzed at each of the intensive sites using transects as sampling units. A comparison of the
mean ka, using a repeated measures ANOVA with Site as a between factor and Season (May
and June samples were combined into an early SAV growing seasoragtb¥oigust and
September as a late growing season) as a wsiterfactor, showed there was significant
betweensite and withirsite variation in meahks,, (Table10). In addition, there was a
significant interaction between 8iaind Season, with the highlinity sites showing declines and
the lowsalinity sites showing slight increases in méag

1.0 I I I I

0.6 —

Y _

0.2 —

’-l-|- O May & June
- W AuUg & Sep

BLH JBE MPR sSPE

Intensive Site

Figure28. The fraction of SAVKEs,+ 1 S.E) derived from SONAR at the four intensive sites in
the SAV growing season in 2010. The growing season was defined as May through September
and divided into samples taken early (Mayne) and late (Auiy Sep) in the growing season.

Fsav

0.0
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Table9. Repeated measures ANOVA of thg,, data deived from SONAR method by factors
Site and withirSite by Season in 2010.

Source df Sum Sqg Mean Sq F-Value Pr(>F)
Site 3 39.152 13.050 693.49 <0.000001
Error 244 4,592 0.019

Within Site

Season 1 1.106 1.106 64.28 <0.000001
Season*Sie 3 2.675 0.892 52.07 <0.000001
Residuals 244 4,178 0.017

Table10. Hypothesis tests (repeated measures ANO¥AaRd Pvalues) of no change in
fraction of SAV Esa) between the early and late growing season in 2010nagtich of the
intensive sites.

Within -Site BLB JBS NPR SPS
Hypothesis Contrast

Early Season vs. F1,244: 64.28 F1,244: 40.87 F1,244: 139.74 F1,244: 3.71
Late Season

P-value < 0.000001 < 0.000001 < 0.000001 < 0.055

NPR and JBS declined in mebg,, from early growing season (May and June) to late
growing season (Aug and Sep), while BLB and SPS remained constant over this same period.
BLB had a low meaks,, (0.025) and SPS had a higky, (0.67) over this Bnonth period Table
11). On average over therBonth period, th&s, measure obtained from SONAR was highest at
SPS (Juni Sep. mearfrs,, = 0.674), followed by JBS (medh,, = 0.125 Jun., Jul., Sep. 2010),
NPR Fsav=0.028 from Jun. 2009, Jun. 2010, Aug. 2010, 26f0), and the lowest was at BLB
(Fsav=0.025 May, Jun., Sep. 201Dablell).

Table11l. The mean fraction of SAVH+ S.E)at the four intensive sitder each month
sampled May i Septemberjlerived from SONAR data in 2010

e A O O easSo ale O O easo

May June July August September All Dates

NPR 0.172 0.067 0.038 0.009 0.028
(£0.023) (x0.009) (£0.007) | (x0.001) (£0.004)

JBS 0.353 0.025 0.003 0.125
(x0.077) (x0.004) (£0.001) (£0.029)

BLB 0.011 0.045 0.030 0.041 0.025
(+0.001) (+0.005) (+0.005)  (#0.005)  (+0.002)

SPS 0.645 0.76 0.689 0.672 0.674
(+0.033) (+0.192)  (+0.014) (+0.022)  (+0.014)
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Accuracy Assessment

A combination ofdata acquired bONAR andunderwagr videowas usedo assess the
accuracyof the SONAR data aach intensively studied site. Bathta setsvere collectedrom
different vesselsnthe same preleterminedransectandwere expected to overlagHowever,
the currents, windand GPS ermomade it difficult to drive the two vessels precisely over the
same transects, thus introducing a level of error in the accuracy asse$3gweaR9). When
all four sites were combined, the accuracy of the SRNAcreased with distance to the nearest
neighbor, leading to the most accurate results at distan@es. Video and SONAR points that
were within 3 m of each other and at a minimum depth of 0.7 mV(sé®ods for a detailed
explanation) were used in &lirther analyses.

Transects Driven with Both Methods
Newport River, June 2009

[ stway siee
Share

@ NPR Jun. 2009 SONAR Transects
= NPRJun. 2009 Video Transects

0 375 75 150 meters

Figure29. Transects driven at NPR in 22009 by the SONARyellow dots)andunderwater
video (black dotsmethods.
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Accuracyby siteranged fron69.4to 98.2%, with aroverallaverage accuracy of 77.4%
(Table12). The results from these accuracy analyses show that disagreements tend to be highest
in regions on the edgef the main SAV bed at site. For example, @NPR in Jue 2009, tle
regionof poorest accuracyasjust ouside of the main bed located in the SW cowfahe study
site (Figure30A). Of the ~1700 comparison points, 520 (30.6%) were disagresyaadtmost
of them (85.2%) were when SAV was identified by timelerwatevideo but not with SONAR.

At SPS in Augist2010,disagreements between the tmethodsoccurred both on the edge of
the main channel (ségpendix § and at several points throughout the region of the study site.
Of the ~1230 comparison points, 287 .(Z®) were points of disagreemédrigure30B). Most

of these disagreements (64%) occurred WBG&INAR detected SAV but SAV was not detected
by underwatewideo.

Table1l2. Accuracy of the SONAR at the fointensivesites and over all sites (2009/2010) at a
nearest neighbor distance of 3amd a deptl®©0.7 m

Site [\ Accuracy (%)
BLB 273 82.1
JBS 620 98.2
NPR 1702 69.4
SPS 1246 77.0
Overall 3827 77.4
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Figure30. Two examples othe nearest neighbor accuracy analysis at the SONAR compatri
points: A) NPR Jua2009 and B) SPS Augt2010. The circles represent points of agreeme
that no SAV is present (brown), SAV is present (green), or points of disagreemerthabout
presence of SAV (yellow) between thederwatervideo and SONAR.
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Surface Interpolation Analyses

The SONAR acoustic reports were used to create a kriging surface of bathymetry and
cokriging surface ofherelative area of th8AV bed(RAsa) for eachintensively studied site in
2009/2010. For théune 2009 survey &PR, aposthocaccuracy analysis was conducted on
threecokrigingmodels to determine the bgstssible model to use for surface interpolatbn
the RA;, surface Once the most accieamodel was selected, the Rfwas obtained from the
cokrigingprediction surface at each site and analyzed for the total area of SAV present by
month. A bathymetry kriging prediction surface was produced for each site and each month to
determine the lcations where SONAR accuracy is expected to decline. The maps are plotted
with the kriging results for ongme period at each site. Sé&ppendix 8for additional images of
SAV bedkriging surface areas, bathymetry kriging surface areas, SONAR tramss;tdnd
guadrat surveys of SAV cover (%).

Model Validation

The threecokrigingmodels(ldeal Cover, Ideal Binary, and Local Binagyrpduced from
SONAR data collected &PR in June (2009) shaa slightly differentresults Both binaryco-
kriging mockls predicted similaBAV surfacesKigure 31), producing the largest areas of
RAsav. However the Local Binarymodel generally predicted a few more patches of SAV and a
slightly larger SAV bed than did thdealBinary model. The Ideal @vermodel had the
smallest area of SAV but it still predictdtetmain area of the bed. The accuracy results, using
re-sampling of 100 points, repeated 100 times indicated that the overall accuracy between the
three modelsveresimilar, with ech model prediaig a median accuracy of ~65%igure32).
Because the Ideal Binary model had the highest accuracy (66%), the remainder of thersites w
analyzed using this cokriging method (i.edry SAV cover with crossalidation parameters
minimized) for all sites and dates. The model results are shosppendix 8 The results of
these models were used to calculk#g,,for each site and date, which is presented below.
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Predicted SAV Surfaces from Three Cokriging Models
Newport River, Jun. (2009)

D Study Site
Shore

Ideal Cover

[ ] sAvAbsent
@ SAV Present

Ideal Binary

[ ] SAV Absent

-] SAV Present
Local Binary

[ ] sAvAbsent

SAV Present

0 375 75 150 meters
t t t+ t t t t t {

Figure31. The SAV surface, rated as either SAV present or absent, usingokregng
modelsat NPR in June 2009) theldealCover model, which use3AV cover (%) estimated
from the acoustic reports produced in EcCoSA¥Ptheldeal Binary modelthatuses a lag
distance of 12n and the 25 nearest neighboasd3) the LocalBinary model whichuses a lag
distance of 1@n and 6 nearest neighborghe Ideal Binary and Local Binary cokriging model:
are very similar to one anotherppiding the greatest estimated area of SAV coverage. The
Ideal Cover has the lowest area of SAV cover. All three models agree that a large bed of
located in thdower right (SE corner) of the sitddeal covemodeldoes not show a bed in the
upper right (NW corner) of NPR.

66



0.5
>
0
K
S08F- .
o %
< *
Q —
0
Sp7 .
>
v
o
=
h
=06 —
o
= L
O b
05 | | |
I & £
o o
F & <

Figure32. Thebootstrappingccuracyalues (relative to video classification) fod0 randomly
selecteccomparisorpoints, reficated100 times for the threeokrigingmodels used to estimate
the presence of SAV at NPR in 8uR009 TheldealBinary model usedepth (m) and
presencebsence data on SAV determined from SONAR and ECOSAV2 awi distance of
12 mand 25 nearest neighbors to predict the surfate. Ideal Cover model usel@ph (m) and
SAV cover(%) from ECOSAV2 acoustic reportis predict the surfagevith a lag distance of 12
m and 35 nearest neighbors. The Local Binary SAV modelaBed o c al 06 s moot
depth and SAV presen@bsence data, wilhg distance of 1éh and 6 nearest neighbors to
predict the surface. The cregalidation results of the first and third models were optimized.
The line within the box indicates the median, the upper and lower hinges include¥ #re25
75" percentiles, and * represent bert values 1.5 times the intguartile range from the upper
and lower quartiles

Newport River (20092010)

In June 2009%he SAV bed at NPRvas a relaively shallow site, with the majority of the
ar ea i n aFiglre3®4). hTheldeal binarf SAV cokriging surface from the SONAR
data showed overall low SAV cover at this sR&(,~=0.392,Table13), with the majority of the
SAV located in thesouthern region of the study siteéigure34A). This indicate that the SAV
at this sitevas commonly found in depths <0.7 m and very Iitlss found in the deepereas of
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the study site. In the SONAR surveys conducted in 2010, the SAV bed was not as extensive as
thatobserved in 2009. THRA; values ranged between 0.006 and 0.3&ble13) in 2010.

The bed seemed toadout throughout the summer, with the lowest observed SAV bed areas in
Augustand Sefember2010 Eigure35). There was an overall absolute irtranual change of

up to 39%.For additional cokriging and kriging results, Fggendix 8.

SONAR Estimate of Depth (m) A
Study Site

Shore

Depth (m) Kriging Surface

B o.72- 049
[ -1.01-073
] -1.47--1.02
220148
Bl 250 - 221

o
Figure33. The prediction surface of depth using a kriging analysis obtained from classified
SONAR reports at the four intensivedyudied sites. Each image is from the 2Q090 study
period at A) NPR (June 2009B) JBS (June 2010), C) BLB (August 2010), and D) SPS (June
2010).
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Tablel13. The total area and SApresent area determined from a cokriging analysis of SAV
presence/absence and depth (m) obtained at each site and date by SOMNAR sThe relative
area of SAV RA..) represents the proportion of the area covered by SAV by year, month, and
site. The Ave. SE is the average standard error of the cokriging model, which is a combination
of both measurement error and the variati@muad an interpolated point (see Appendix B).
Augustand Sefember2010, the SPS site was extended offshore by 168R® Extendjo

capture the deep edge of the b&bhdividual cokriging models were not produced for the
extended regions. Insteatetextended models were clipped to the 90,006tudly region.

a O ea Ota A-. A A-. BYA A a

NPR Jun. 2009 107,059 41,920 0.392 0.3164
NPR May 2010 102,710 39,185 0.382 0.3922
NPR Jun. 2010 107,419 16,618 0.155 0.1752
NPR Aug. 2010 107,985 669 0.006 0.0904
NPR Sep. 2010 108,073 795 0.007 0.0990
JBS Jun. 2010 81,041 61,235 0.756 0.3677
JBS Jul. 2010 90,031 14,230 0.158 0.1240
JBS Sep. 2010 80,904 0 0.000 0.0619
BLB May 2010 91,761 2,248 0.024 0.1290
BLB Jun. 2010 68,868 9,103 0.132 0.1405
BLB Aug. 2010 91,703 28,986 0.316 0.1401
BLB Sep. 2010 91,681 16,826 0.184 0.1671
SPS Jun. 2010 89,474 89,464 0.999 0.4250
SPS Aug. 2010 90,027 90,026 0.999 *
SPS Extend Aug. 2010 147,433 146,589 0.994 0.3936
SPS Sep. 2010 90,030 89,661 0.996 *
SPS Extend Sep. 2010 147,417 143,352 0.972 0.3882
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A
SONAR Estimate of the SAV Bed

Study Site

Cokriging Surface

Figure34. The prediction surface showing the presence or absence of SAV using a cokriging
analysis of depth and SAV (@) obtained frontlassified SONAR reports at the four
intensivelystudied sites. Each image shows the peak prediction during the2@00%tudy

period at A) NPR (June 2009), B) JBS (June 2010), C) BLB (August 2010), and D) SPS (June
2010).
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Figure35. Relativeareaof SAV (Rsa) at JBS 2010Klacksquare), NPR 2009 (blue triangle),
NPR 2010 pluesquare), BLB 2010rédcircle), and SPS 201ifk circle) using the cokriging
surface created from the SAV presence/absence data from SONAR report

Jarrett Bay (2010)

JBS is also a very shallow location. Inéd2n0 10, t he majority of thi
1 m Figure33). At this time, the bed at JBS was extensR&:£{,~0.756,Table13) and present
atdepths up to 1.3 niH{gure34, Figure35). By July 2010, the bed had begun to die back
(RA2~0.158,Table1l3) , with extensive SAV | os éppendix ar eas
8. Depth Kriging and SAV Cokriging Models from the SONAR Acoustic RepoBy
Sepember2010, the results from the SONAR acoustic reports indicate that SAV had completely
disappearedTable13). This highsalinity seagrass bed slowly died out throughout the summer
(Figure34). There was an overall absolute irtanual change of up to 76%.

Blounts Bay (2010)

At BLB in August2010, the water depth varied between 0.5 and ABigure33). The
shallowest portion of the bed was a shoal ~80 m from shore. At itsypeaiRA,,= 0.316
(Tablel3), the kriging surface area suggested that the bed was |lacagdry shallow region
( OO0 . FigureB4) and in the deepest region of the site (between 2.2 and 2.4 m). In May 2010,
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the bed was nearly neexistent Table13), peaked in August and theropeeded to diback by
Sepember2010 Figure35). According to the cokriging surface created by the SONAR report
datg over the entire summer, there wia80% intraannual change ithebed area

Sandy Point (2010)

At SPS tle SAV depth distribution was deeper than observed at the thiresintensive
study sites. In Jun. 2009, the water depth varied from 0.8 to 2.5 m, with the majority of the site
i n dept HFguredd..Inkiallynthe spedied 300 x 300 m box was surveyed, but inelun
2010, aRA.=0.999 Table13) was observed, indicating that the edge was not identified in the
survey Figure34). In Aug. 2010, the siteas extended offshore by 150 m in an attempt to
locate the edge of the SAV bed. Within the initial site, the bed cover did not change throughout
the entire sampling perio@igure35, Table13), even when the extended region was included in
the analysis, an extensive b&#{,,=0.972) was clearly evident in Sember2010.

In summary, SP8ad high proportion of SAV present at each survey date in the summer
of 2010 (RAav= 0.97- 1.0),while other sites varied throughout the sumnkégire35). The
two high salinity sites (NPR and JBS) showed dramatic declines in SAV from May through Sep.
(from RAsa,0f 0.4 or 0.7 in early summer, 0.0 in late summer). Theskalmity sites reached a
peak in RA,,in Aug. 2010. This magnitude of intrannualof changesvill need to be
considered when selecting index periods for monitoring SAV.

Diver Surveys

TheFsavpercent over data col | ect e dmshawedintragnauald r at s
variability of SAV at all sites in 2010, except BLB (slope = 0.458ure35). While the general
trend was an increase in SAV medercent coveat BLB from Maythrough Sefember201Q
the linear trendihe fiowsno significant difference for the sampling period (p = 0,1@&ble
14). The other low salinity site (SPS) showed a significantly positive trend (slope = 8679, p
0.001),asthe SAV mediampercent coveincreased by wnth. The two high salinity sites
indicated the opposite trends, witll@cline inSAV. At JBS, this trend was marginally
significant (slope = 4.955, p = 0.044) but at NPR, the trend is highly significant (sloj6el26,
p < 0.001).

72



Tablel4. The best fit line for Fsav by month (2010) for the four intensively surveyed sites with
divers.

BLB 164 0.452 22.186 0.006 0.797
JBS 101 -4.955 49.714 4.174 0.044
NPR 219 -6.126 51.000 87.241 <0.001
SPS 163 8.579 6.328 13.655 <0.001

Rapid Assessment Sites

Fraction of SAV

In Segember2011, Fs,y, as measured by the SONAR, varied among thedalmity
areas surveyeon thel0-km shoreparallel transest(Table15). SP had th&argestFs,, value
(0.966), followed by BB, TR, NR, RC. At the other four rapid assessment sites there was
relatively little Fsay, With less than 4% of the acoustic reports indicating $Pasence When
the SONAR i@ntified the presence of SAV along the transect, the SAV platogth typically
extended less than 4 mgblel5) but a single patch of SAV could extend up to 1729.8 m. The
type of variation observed in this data set is impotiacbnsider when choosing sites for
monitoringSAV change detection.

Tablel5. Survey date (2011), number of acoustic reports obtained along each transect, mean
depth sampled;say, maximum and median SAV patch lengtAsdmaxmum and median
unvegetategatch lengtb at rapid assessment sites.

e s ONAR eo 5 3 edla 3 edla
pate Repo ep A A egetated egetated

eng eng eng eng
BB 9/29/11 4412 1.12 0.703 1442.0 5.8 5.8 5.8
BY 9/01/11 8133 1.55 0.009 17.6 3.2 10.1 3.6
FB 9/19/11 4581 0.87 0.011 35.2 3.4 171.4 6.8
JC 9/30/11 5586 0.94 0.014 14.0 3.7 131.1 7.6
NR 9/14/11 6470 1.70 0.226 111.8 2.0 4.0 4.0
PR 9/20/11 3860 1.18 0.033 17.9 3.1 55.6 6.7
RC 9/08/11 4903 1.24 0.217 49.8 2.4 7.4 3.5
SP 9/02/11 3927 1.32 0.966 1729.8 16.5 3.1 5.5
TR 9/27/11 4725 141 0.388 3975 3.8 7.2 6.3
Mean 5177.4 123 0.285 4240 4.9 44.0 55
Median 4725 1.24 0.217 49.8 3.4 7.4 5.8
S.E. 457.9 0.09 0115 2245 15 21.3 0.5
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Accuracy Assessment

To determine the accuracy of the SONARthe 16km shoreparallel transects, the same
procedure was used gsthe 2009/2010 data sketr the intensive study sitelsut these data were
not limited by depthTablel15). The accuracy of the sites ranged from 53% (TR) to 100% (FB),
at a nearest neighbor distar@® m. The overall accuracy was 82% for all seven shiggi(e
36). Two sites witlthelowestaccuracy values were TR (53%) and RC (75%gure36).
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Figure36. Accuracy of SONARat the Rapid Assessment Sitexl overall seven sites in the
2011 samm event

Power Analyses for Detecting Change in SAV Abundance

Simulated Video Transects
Overall, this analysis revealed that the systematic,@jfroach of Fewster (2011)
resulted in more precise variance estimates and a greater ability to detect change efftbriess

than did simple random sampling (SRS) or naive systematic sampling)(&¥fbire37). For
contiguous and blowout images, application of $¥Sulted in > 80% power of detecting a

74



Shoreline Fringing Patchy Blowout

S I = I W e W e B B x—x_‘_x_ ===
- x= a Sigps = 0.04 e A" _a—a—*
o m -—a A x a
°\ = / / A%m ° /"_x’ /n—a/
8 A Qompg-—a a‘S‘YS =013 = “/
: g = a g g\x/
6 -t / x\‘ / a
234 4 . / :
2 / / Gigps = 0.05 & dops = 0.06
o g -1a a &SYS . x I &sm =0
> disys, = 0.01 S e, = A diays, = 0.02
= Ja—® P ) S Y a
S X—A—f=—§ml-RA—R—A-—A X=X —x—X l;;_x-x—x—n—n—n—n
x=
o @ ] W Gape =003 g
g = / Ogys =0
NS Ha = dleys, = 013
g = c;Esns= 0.05 % /’ \g/‘dx élsm: 0.04
n a
£y o e s
Bigys, = 0.01 a gt &ops = 0.01
= : s :
o
S a—a—a—a-a-a-a-a-a x—g,a-n—g-t_n A—RA—R—R—R—R—R—R—R
§ 0! / ocmn.- 0. 04
o
=t /’
el Ssve, = 0 14
()]
- fanE
o= &snsz 0.04 / &snsz 0.04
g 2] ogys = 0 A ogys = 0
Gigys = 0 dlsys = 0.01
o - 5
= I I I I I I I I I I I I I I I
10 20 30 40 a0 10 20 a0 40 a0 10 20 30 40 a0

# Transects
Figure37. Predicted power to detect 10% declines (top panels), 20% declines (middle panels),
and 40% declines (bottom panels) in SAV as a function of number of transects. Left panels give
results for contiguous habitat, center panels give results for patchy habdatght panels give
results for the blowout study area. Black circles represent results from simple random sampling
(SRS), red triangles give results for systematic sampling where the naive SRS variance estimator

isemployed (SY§ , and b tesules foxsyssemagic sampling using the approach of
Fewster (2011) to get variance estimates ($.Y8Iso shown are the realized proportion of
simulations thatresdtd i n t ype | errors (U)
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10% population decline with just 415 transects, while still controlling for type | error rates. In
contrast, the SRS and SyY&stimators often needed double the number of transects to achieve
comparable power. However, the S¥stimator did not work as well for the patchy landscape,
with a type | error rate of 0.13.14. This value is substantially over the nominal value of 0.05,
suggesting that this procedure will falsely reject the null hypothesis more than anticipsed. A
it appears necessary to employ at least ten transects with then8¥f®d in order to have

enough degrees of freedom to fit the GAM model.

There is a clear advantage of employing a systematic sampling design in SAV surveys,
with the SY$ approachdr estimating variance producing more realistic estimates of variance, at
least for contiguous and blow out landscapesvever, parseandpatchy landscapes present
change detectioproblems for all designs. On one hatiee SYS approach likely
underegstnates total variance because the GAM does not do a very good job of characterizing the
variance between neighboring transect lines for highly variable landscapes, and therefore
produces type | error rates that are high. On the other hand, SRS varramdeddikely
overestimate variance for systematic sampling (Thompson 2002), resulting in low power to
detect differences.

Simulated SONAR Transects

The simulation of the power available to detect a change in SAV using SONAR showed
t hat a s implopd effortdup tp B0dranseats per day) could detect 10% change between
two surveys if the systematic sampling was used and variance was computed using the
appropriate method. The number of transects required to have a 0.8 power of detecting a 10% or
20% change in SAV using the SONAR method between years was very high with SRS and
SYS,;, no matter which of the four sites we simulagegjure 38). At most sites, using SRS and
SYS; sampling methods, 50 transects was insufficient to detect a change of 20% with 0.8
power. We could, however, detect a 40% change in SAV wih(d3ansects at most sites using
the SRS and SY;Snethods. However, if the method of Fewster (2011) was used to establish
transecto-transect variance, with systematic transaechpling and a GAM model used to
compute the variance, a reasonable number of SONAR trafseetselow)s required to detect
10% change in SAV with high statistical powErgure 38) We would need about 2850
SONAR transects at all intensive sitesidect a 10% change in SAV between surveys made at
two points in time with a power of 0.8. The number of transects required at SPS to detect a 10%
change with 0.8 power was very low (10 transects), intermediate at JBS and NPR (25 transects)
and highest BB (30 transects).
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Figure38. Power to detect 10%, 20%, and 40% change in SAV simulated over a surface obtained from the Ideal Binary cokrigingatiodé! at
the intensive sites using three powenulation models: 1) SR®lack circles), 2) SYS(red triangles) and 3) S¥$ bl ue x 6s) . I n
SYS, (Fewster 2011) model has the greatest power to detect changes with a small number of transects. With all simulatiamsdetsere
required to detect a 40% change in SAV than 20% or 10% change.
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Remote Sensing Results

Thecoast-wide mapping for SAV in NC classified 138,378 acres of total SAV. Of that
total, 112,417 acres, (81.2%) was primarily hegtinity seagrass located on therier island
shelves in Albemarle, Pamlico, Core, Back and Bogue Soudfithe total, 25,961 acres
(18.8%) was low salinity SAV. As shown kgure39, the majority of the SAV in the state
(103,782 acres), all of it seagrasss located in the shallow waters on the sesidé of the
Outer Banks between Cape Lookout, and the Route 64 bridge between Manteo and the Outer
Banks. Of the currently known SAV resource in NC, the seagrass in the barrier island shelf
regionaccountelor 92. 3% of the statebs seagrass and
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Figure39. Dense (dark green) and patchy (light green) SAV distribution in NC mapped as part
of the 20072008 coastvide effort.
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The challenge for motoring the SAV resourcea NC will continue to be the low
salinity SAV of the Albemarle, Pamlico and Currituck Soyrks iver systems that feed into
the Sounds and the inner banks regions of western Pamlico.Sbesgite drought conditions
in Octoberof 2007, when the imagery for those areas was acquired, a large percentage of the
photos for the low salinity regions showed water column turbidity that made SAV interpretation
difficult. Therefore, estimates for low salinity SAV in those areas are alcedsinly
underestimates. In addition to this uncertairgyhe cost of acquiring imagery for an area prone
to turbidity. Of the 1347 images that were required to cover all areas of interest for@he 200
2008 mapping effort, 930 (69%igure40) were needed to cover the areas of-Balinity SAV.
Therefore 69% of the imagery (and costs associated with the imagery acquisition) was needed to
cover an area that is difficult, if not impossible, to interpratserial surveysand contains only
18.8% of the total known SAV mapped in the state to date.
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Figure40."‘A'éﬁr‘iglhi-rﬁages (represented as dots) collected during the 20€07468vide SAV
mapping effort. Photos in regions of higitgen) and low (blue) salinity are indicated.
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Accuracy Assessment of Remote Sensing

Prior to the start of the field missio(fer both the 200-08 coastwide mapping and the
2006 mapping in Bogue, Back and Core Souralsjratified random sample pbints was
generated Points were generated for two strata: eagrass strata, with points generated from
a GIS file with allprevious mapping efforts within the study areagublished data), ar®) all
areas ok 2 m depth not within the seagrass GIgda The maximum depth of seagrass in the
study area was approximatelyr2 Step 2 was an attempt to cover are@sm that may hee
had seagrass during the earlier mappings but were incorrectly mappesdegetated, or to
survey areas that may have beelonized byseagrass since the previous mappings. The
bathymetry data used ttetermine areas 2 m was publicly available data downloaded frira
NOAA National Gegphysical Data Center
(http://www.ngdc.noaa.gov/mgg/gdas/qd_designagrid.html?dbase=grdcrm

While over 1,000 randomly selected points were visited in the field for the 2007/2008
coastwide acquisition, it was deemed necessary that all points woulddakto train interpreters
in the classification process. Therefare random points were withheld for an accuracy
assessment. Seagrass distribution data at these sites was gathered by visual inspection from
small boats, wading when possible, and wétkes when the water was too deep for wading and
too turbid to visualize the bottom from the boat.

An accuracy assessment was performed using 107 randomly generated field points on the
2006 classification for Bogue and Back Sounds and the mainlandf sSldeeoSound. Seagrass
distribution data at these sites was gathered with underwater video and direct inspection of the
bottom by snorkeling. The overall accuracy of the three class map (dense seagrass, patchy
seagrass, and unvegetated) was 75.7%. Twwolassifications were the major source of error:
classifyingareas as dense seagrass that were actually patchy sesignass(s), and classifying
areas as unvegetated that were actually patchy seagrass (16 points). Application of a minimum
mapping uit (approximately 0.2 hayas the cause of the misclassified dense seagrassipoints
in all cases thé&eld point landed in a patchy area that was in a larger dense polygon but was too
small to be mapped as an individual patchy seagrass polygon.

To showthe effects of misclassification within th@o seagrass classes, another accuracy
assessment was performed based on one seagrass class, i.e. the map and field pomts were re
coded to one seagrass class (combining dense and patchy into one classgerdlhacouracy
of this map was 82.2%For areas that were classified as unvegetated but where there was
actually seagrass present, one of the main causes of error appeared to be that the amount of
seagrass was below the level of detection of the seA$¢drO sites classified on the map as
unvegetated, the percent cover of seagrass from the field data was estiradigd d¥lost of
these sites were near 2 m deep, at or near the deep water limit of seagrass, usually with one to
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several sparse patches beén 20 and 40 cm in diameter. Close visual inspection of the imagery
around these points showed no indication of the presence of seagrass. To show the effects of
misclassification associated with areas below the level of detection of the sensor, arether

class error matrix was generated (seagrass, unvegetated), where the 10 field points mentioned
above were recoded from patchy seagrass to unvegetated. The overall accuracy of this map was
91%.

Time Requirements for Monitoring Techniques

SONAR and Underwater Videography

Total time required per sitgsing an example witB5 underwater videtransectgor
collection and classification was nearly Jd&sonhours and 1@ersorhours for acoustic
surveys [able 16). These time ésnates do not include transit to/from the survey site, as this
can be highly variable. Acoustic data acquisition required three people for 5 hours each to
conduct a complete survey at the site. Due to slower vessel speeds, acquisition of video data
required three people for 18.75 hours each to complete a surveyed site (n = 25 transects). lItis
important to note that the time estimate3 able 16 are for trained persons familiar with GPS
and GIS protocols, video classificatiand acoustic sampling. Training personnel is not
included in these estimates, but may add a significant amount of time and cost. Training persons
on video classification is explained in more detail in the section enfidetto Classification
Trainingand Observer Calibratiam.Equipment costs are largely a etirae initial investment
(Table17) with additional costs for maintenance. These expenses and those of a more perpetual
nature such as video tapes, data backup equipitneck/vessel fuel, and travel costs will need to
be considered in an overall cost estimate. The perpetual costs were not itemized here as they
may not be relevant and can vary widely by organization.

Diver Surveys

The time required per quadrdtaple 16), including preparation, data entry, and data
analysis is approximately 19 min. I n one day
at a site. This means that for about 16 hours of work, data on 100 quadrsite abald be
collected, entered, and analyzed. These estimates do not include mobilization, truck/vessel fuel
and travel costs. It is important to be cautious about thisestishate because we did not
conduct a power analysis on these data and daataally know how many quadrats it would
take to successfully detect a low level of change in SAV bed aerial coverage. The data collected
in this study clearly show that, even with 65 quadrafgpéndix §, the bed extent is not
comprehensively delineate The time presented ireble 16 is meant for tool validation rather
than an extensive assessment of the SAV beds at a site.
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Remote Sensing

The cost to map SAV habitat of NC would be approximately $575,000. For the imagery
assuming an inflationary increase from the last mission, based on increased fuel cost, etc., would
be approximately $350,000. Interpretation would cost approximately $150,000. This estimate is
based on estimates from several projects conducted byQh&NCoastal Services Center,
estimating an average cost for interpretation at $260 per square mile. Finally, the cost of field
exercises for grounttuthing is approximately $75,000. That is based on four field trips at seven
days for each field trip, vth five days in a boat and two days for mobilization/demobilization.

This estimate also includes two personnel at $75/hr, travel for two personnel, daily boat rental at
$1000, and additional funds to cover costs of drop cameras and other equipment.

Table 16. Time requirements (hours) peansect andite for underwater video, SONAR, and
guadrat data collection and analysis. This quadrat dataalestiation is to check the accuracy
of the cokriging surface predicted by thOI$AR.

Underwater video (hr) SONAR (hr) Quadrat (hr)

Activity Per Per site Per Persite  Per  Per site
transect transect quadrat

Site plan/ waypoint 0.25 6.25 0.08 2 0.2 2
designation
Data Acquisition® 2.25 56.25 0.2 15 0.3 30
Datafile Preparation 0.25 6.25 0 0 0.02 2
Classification/ 1.75 43.75 0.08 2.0 0.02 2
Interpretation
QA/QC & analysis 0.25 6.25 0.08 0.42 - -
TOTAL: 4.75 118.75 0.44 19 0.9 36 |

*NOTE: Transect length was defined at 300 m and a site is comprised of 25 transects;

SVideo data acgjsition was estimated as 0.75 hr./transect per person and requires three people
to collect data; acoustic data collection also required three people at 5 hours each to complete a
site. Quadrat data can be collected by a single person, which is the s=ishere. All

estimates exclude transit time to/from site.

9A samplesize of 100 quadrats was assumed perfsiteomparison with SONAR dat&lo

power analysis was done to estimate the number of quadrats needed to detect change in SAV.
These timestmates assumed one person is collecting and analyzing the quadrat data.
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Tablel7. Onetime costs associated with evaluated SAV monitoring tools.

Activity Cost

Underwater videography

Underwater camera $ 1,525

Video recorihg unit and Horita $ 1,400

GPS (basie differential) $300i 10,000
SONAR

Equipment (echosounder, GPS, transducer, computel $27,717

cables)

ECOSAV?2 software $ 3,000
Quadrats

Equipment (PVS pipe, glue, PVC elbows, string) for te $130
1 x 1 m qudrats with 100 cells

GPS (basic) $300
Snorkeling gear (snorkel, fins, mask, wetsuit) per pers $500

Remote Sensing

Imagery $350,000

Interpretation $150,000

AGr olmat hi ngo $75,000
DISCUSSION

Among the SAV monitoring programs currentigingglobally (reviewed in the
introduction), it is clear there is no consensus regarding the approach or metrics to assess change
in SAV distribution and abundance. Our surveys of the-tagld lowsalinity environments of
NC suggest that a muitool goproach would result in the most comprehensive andeftesttive
method for monitoring SAV. By combining multiple tools (underwater video, SONAR, diver
guadrats, anderialremote sensing), the strengths of each tool can be maximized while
minimizing ther limitations.

Strengths & Limitations of Underwater Videography

A thorough field test of our underwater video equipment has revealed its strengths and
limitations as they relate to the development of a performbased SAV monitoring protocol
for NC (Project objective 2). Underwater videography paired thigsubmeteraccuracyof
differential GPYDGPS)has many advantages including: high spatial and visual resolution
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without destructive sampling, the capability for species identification, ease péffectiveness

across the depth range of SAV distribution, and moderately low equipment costs. Additionally,
this method can be applied to sampling designs that meet the assumptions of standard parametric
statistical tests, making rigorous comparsand change detection possible.

The special lowight optics of the camera used in this projeteideal for the high
turbidity, low light conditions in many subaquatic environments encountered in NC. High image
resolution combined with the smalléme size enahidkevideo classifiers to differentiate some
SAV species, identify small organispad qualitatively characterize the substrates associated
with SAV communities. While these were not objectives of this project they may be of interest
as addd value to components of future monitoring projects. Being able to survey across a range
of depths and differentiate species can minimize the need for diver observations, which may
involve costly personnel training, equipment, and safety risks. Whea¢iagagery cannot
reliably detect SAV change in NC, including low salinity environments and areas of deeper
water (>2 m), underwater videography is a demonstrated alternative method for SAV
classification and change detection. Archives of underwateo iae also provide a historical
visual record; should substrate or species community clerdethathe visual record may
prove valuable to explore other community trends.

While the advantages of underwater videography are numerous, there is onenimporta
limitation to considei time requirement. Underwater videography collection can involve
lengthy field time (~60 hrs to complete a site [300 x 300 m area]). Further, video interpretation
requires additional time and personnel (~45 hrs per site).e Hiersome automated video
classification programs and software packages that may reduce the time required to classify
video. These were not tested as part of this project, but may be worth exploring. Automated
techniques are likely to work best in mamr@form habitats (continuous SAV or continuous sand
with sparse SAV). We have not tested such methods and thus cannot comment further on
specific recommendations.

Another way to reduce video classification time requirements would be to optimize
transetlength based on SAV distribution. Specifically, transects may not have to be 300m long,
especially where the majority of the SAV resource is adequately mapped with another approach
such as aerial imagery or exists within a narlmamd near shore. Suah example is BLB
(Figure23), where nearly all SAV was detected within 200 m of shore. Shortening transects to
200 m would reduce field data acquisition and video classification times.

Alternatively, the underwater video caraean be modified for use as a drop camera to
rapidly acquire point data at multiple locations for estimating SAV distribution and abundance.
Another important application of underwater video is to use it to precisely locate the deep edge
of an SAV meadow The deep edge of an SAV meadow is an important metric, as it has been
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shown that this is the location where changes (expansion and retraction) are most likely to first
occur in an SAV bed. Underwater video can also be used as aspoice validatiomool for

remotely sensed data collected by aerial imagery or SONAR, as was illustrated for the accuracy
assessment analyses for the intensive and rapid assessment sites. By reducing video collection
time to rapid drop camera deployments (instead of lcargsects) and laboratory video

classification to points or small defined areas, the personnel overhead required for ground
truthing a site (i.e. an accuracy assessment of the SONAR data) is significantly reduced while the
data coverage of a site is stilraprehensive.

Strengths & Limitations of SONAR

The strengths of the SONAR system (BioSonics DTX echosounder and transducer,
ruggedized laptop, Visual Acquisition and ECOSAV2 gasicessing software) are its portability
in a rugged case and field comgut It is a system which can be calibrated to international
standardgUrick 1983,Foote 1991Foote 1995, McLennan and Simm@&@905 Foote et al.
2005 Foote 2006, Foote 20p&ising a highfrequency (42&kHz) transducer that has the ability
to be mounte on different types of small and maneuverable vessels. This SONAR system has
the ability to rapidly, coséffectively and simultaneously acquire gederenced data on SAV
cover (%), plant height (m), and bathymetry. In this report, SAV cover (%) wagited into a
simple presence/absence protocol to allow comparison with the underwater video method; the
plant height (m) output was not extensively explored. The number of SONAR transects needed
to detect a 10% relative change with a high power (0.8)am type | (0.05) and Il (0.2) errors,
in a 300 m x 300 m site, is approximately 30 transects, according to the GAM IFiguet88).
Acquisition of these data can be accomplished in one day or less of fiklditloronly two
personnel. In this study, we routinely obtained 48 transects in a single day.

The BioSonics DIX has a simple satp and can be operated with as few as two persons
in a field situation. ECoSAV?2 software can easily be used and thetlalgqgrarameters
specified by a trained analyst. This allows a repeatable survey to be completed with known
parameters, and Gi®ady output files can be produced within hours of returning to the base
station, or even in the field if so desired. It alao acquire additional data on bathymetry,
bottom sediment composition, and fish abundance with &BP@Qransducer and additional
processing software from the same output data files.

The ability to detect change in SAV is a strength of the SONAR mggiodided that
the plants are dAtall o, with plant heights wel
the surveys. This situation often occurs in lakes aneskaimity regions of estuaries. Several
studies have been conducted that show sleéulness of SONAR for mappir®@AV in lakes,
rivers and estuaries.Entire lakes have been mapped for SAV and change analysis done over
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time. Japanese investigatgkgamabata and Kobayashi, 20@2)ydied three species of
macrophytesHydrilla, Myriophyllum andEgeia) in Lake Biwa, Japan, and documented a large
increase in coverage ovesix year period between 1994 and 2000. These authors did not state
the type of SONAR they used, but ran shooemal transects at intervals around the entire lake
to obtain thesestimates.

Perhaps the best example of a SONAR method used to assess the SAV distribution in a
series of lakes was done by Ray Valley and colleagues in Minn&&ikay et al.2005, Valley
and Drake 207). In this studythey used the BioSonics singbeam SONAR with a 42RHz
transducer and classified the Molume (computed as plant height/water depth * % cover of
SAYV in each acoustic report) of SAV calculated from the SONAR files using the ECOSAV
algorithm. The data for this study were acquired on shormal transects spaced at 10m apart
along the entire shoreline of each lake. The data were analyzed with a series of geostatistical
methods (IDW, Spline and universal kriging) to develop a SONA&d map of the SAV in
each of the three lakes they studied. The resulting kriging layers (after depth trends were
removed) were found to be the best predictors of SAV cover when verified by examining the
SONAR echograms for over 2500 verification powntthin each lake. Although they did not
report an overall accuracy value for the method, they did show plots of error (calculated by
subtracting predicted SAV from observed SAV) taken across a range of depths and found good
agreement between the krigadface and the observed SAV at depths up to 8 m. The kriging
prediction surface explained-BD% of the variability in observed SAV in two lakes, and ~ 50%
variability in another lake. At the shallow depths (1 m) the error was greatest, with kriged
predidion being lower than observed. They also performed a sensitivity analysis, changing the
spacing of the transects from 10 m through 40 m, but this analysis showed little effect of the
prediction surface error, since they simultaneously changed the mingniadicell resolution to
account for the increased interpolation distances.

Another experimental demonstration of the effectiveness of SONAR to detect changes in
a lake SAV was done by Sabol et al. (2009). They used herbicide applications to reduce th
percent cover and plant heights of invadiyiophyllum spicatunand other freshwater and
low-salinity SAV species in Eagle Lake, Wisconsin. Eight weeks after herbicle® ®as
applied to this lake, a dramatic reduction in SAV cover (40% reductiwhplkant height (3.5
feet to 0.3 ft.) was detected using the BioSonics sibglan SONAR system, which is very
similar to the unit we have been testing in this NC study. Groutling showed that this
SONAR system was a good predictor of plant biom&isange image maps of the lake-prel
postherbicide treatment were rapidly produced, and such approaches could be used in NC rivers
and estuaries to detect change in SAV.

In estuaries, SONAR has been used to document the presence and map lbé&ahsbii
SAV (Sabolet al.2002) The same BioSonics singbeam SONAR systemvith differential
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GPS system used in the current study has been evaluated for use in estuarine SAV beds, using
0.3 x 0.3 m quadrats taken under the transducer and underwater video as a gro(8dhnitét

al. 2002) In that study, both lowgalinity SAV (V. americand and highsalinity seagrasses
(Thalassia testudinupH. wrightii, andSyringodium filiformgwere detected and ground

truthed. Bottom depth, plant height and plant biomass were all highly correlated with the
echosounder signal R 0.98 for depth), and a good agreement (80%) was obtedmepared

to most of the video verification points, but some points had low agreement (25%); overall the
video to SONAR correlation had arf R0.54. These points of low agreement between video

and SONAR where places where the vegetation was short aise ldparightii, not exceeding

3.7 cm in height and with a biomass 60 §/nThere was an overalfRf 0.73 between the

biomass of SAV from the quadrat data and the SONAR echoes. These results are similar to our
findings that SONAR method was accurate809%6 of the time when compared to videography,

but the differences could be attributed to areas where the SAV did not exceed a threshold of
plant height or density. Thus, a limitation of the SONAR technique is that the SAV being
mapped must be tall (> ) and relatively dense.

Classification accuracy of bottom habitats and vegetation has also been investigated for
singlebeam SONAR. In one cadereson et al.(2006)reported a high degree of accuracy
(95%) when comparing the SONAR classifications to SCUBA diver survey lines. In this study,
SONAR was compared with video, and we obtained relatively high accuracy in our testing
(77%). In spite of thee demonstrations of SAV change detection, the accuracy of the SONAR
can vary widely by site and this needs to be further investigated in the NC Alb¢taarleo
estuarine system before it can be recommended for change detection at all sites. yitasbikel
a very useful reconnaissance tool for conducting preliminary sampling to map the as yet
undetected SAV locations throughout the low salinity regions of NC. It may also be feasible for
detecting largescale changes in SAV in the low salinity regipand we recommend this be
further investigated (see Proof of Concept Section below).

The limitations of the SONAR are its inability to discriminate species of SAV, the low
sensitivity when plants are short (near the plant height detection threshspijree, the depth
limitation that is both due to the depth of the transducer in the water and tHetlie@0 cm) of
the acoustic pulse. The phenomena of very short and sparse SAV plants is often observed in the
in the highsalinity regions of NC, kucan also occur in the legalinity regions. In these
situations, accuracy can decline, and thus SONAR may not be the only approach for monitoring
change in SAV beds. An accuracy analysis indicated the system has an average accuracy level
of 77% when cmpared to simultaneousbpllected underwater video frames, but this declined
in shallow water where much of the highlinity SAV occurs.

The BioSonics DIX has the greatest startup costs of the two-baaed methods for
both equipment and softwardlew lowercost SONAR technologies have been placed on the
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market (see below); these systems have not been tested for thede®@dtion thresholds but
may be worth further exploration. The SONAR system in this study offers a lower cost per
transect whegompared to the video method, due to the greater area that can be surveyed
analyzed per unit of time. Th®wnsides that the accuracy of detecting SAV and the ability to
detect small changes in the SAV bed are sacrificed for surveying a larger area.

Startup costs for the SONAR method are high, but new technologies are being
developed which could reduce cost. The BioSonics MX system released in 2011
(http://www.biosonicsinc.comalso has a rugged field eas 205kHz transducer instead of 420
kHz, and includes Visual Habitat software (which is based on the algorithm tested here,
ECOSAV2). ltis packaged as an-mtlusive system foaquaticvegetation surveys (outputs
include SAV % cover, canopy heighipmass, bathymetry, and substrate classification). This
BioSonics MX scientific echosounder system is considerably less expensive than the DTX
system used in the study reported here, and the cost includes the software, but is not as user
configurable. m addition, another new SONAR technology for mapping SAV was developed
and released in 2011. That system relies on consumer echosounders (Lowrance HDS5) and a
proprietary clouebased data analysis method (ciBioBase) is being marketed now by Contour
Innovaions, LLC http://www.cibiobase.conV This system has the least cost for the
equipment, because it relies on a consumer model of echosounder developed for the boating and
fishing industry. However, analysis israpleted by submitting the data files acquired with the
echosounder to Contour Innovations, LLC, and there is an annual subscription fee for this
vegetation analysis servi¢e.g.,$4300/year for unlimited uploads)otal cost of operation will
be signifcant due to the need to continued site licensing costs, but this cost is not incurred at the
start of the survey operations. Both systems have possibleofifade terms of data accuracy
that can be obtained and neither were available for testingsiprject. If they are adopted,
they should be verified for accuracy using underwater video and the protocol described in this
study.

Other hydroacoustic technologies have been used t@anugetect SAV. Sidecan
SONAR has been employed to map SA¥€ Long et al. 1998, Moreno et al 1998, Forte and
Martz 2007). The RoxAnn system, a sediment hardness and kgfierdetection algorithm
which is used in conjunction with a singdeam echosounder, can be trained to detect SAV
(Edsall et al. 1997), bidtas not been routinely used, because it must be calibrated for detection
of SAV at each sitspecific survey. A new Geoswath Interferometric Multibeam Sonar
technology has also been usedtiady the bathymetry along with sidean SONAR was used to
map AV in Currituck Sound, NC (Forte and Martz 2007). This system seems to bsuietl
to bathymetric and SAV surveys, but is very costly (~$240,000 depending on options selected)
and was not tested here. These alternative hydroacoustic technologigsehbjoromise,
because of their wider footprint on the bottom and their photographic ihkagguality of side
scan SONAR. However, the sidean SONARS incur greater processing costs because they
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require subjective image interpretation and do not pesgithethod of estimating plant height
and density.

The cost of the SONAR technology for bdmtsed mapping and monitoring SAV may
continue to drop if accuracy is deemed reliable and the approach is adopted by more users at
universities and state and &¥dl agencies.

Strengths & Limitations of Diver Surveys

Diver and snorkesurveyswith quadrats are often used to assess changes in SAV cover
and distribution.Aside from the SCUBA gearhé samplingequipment isnexpensive andasy
to assemble.Themethod we used in this study wegenerally nordestructiveandtraining
requirementsvereminimal. Our goal in this project was to utilize diver surveys to supplement
information obtaied by othersamplingmethods (e.gremote sensingjnderwatewideo
surveys, and SONAR surveys), rather than to use quadrat estimates as a sole indicator of change
in SAV abundance or area

One problem with using quadrats to estimate change in SAV is that they can-be time
consuming, depending on the density and cotaaracteristics. Quadrat surveys require trained
individuals to estimate SAV cover based on a visual assessment. When a bed is very patchy, or
the water is turbid or deep, significantly more effort is needed to determine distribution and
abundance andolw a bed changes over time. To facilitate a more efficient sampling technique,

a rapid visual assessment method has been adopted in many surveysB(Bnauet 1972,

Kenworthy et al. 1993, Rose et al. 1999). For example, in Florida, 50 m transectablished

at randomly selected sites to characterize seagrass beds (Fourqurean et al. 2001). Alorg each 50
m transect, ten quadrats (0.25)rare visually surveyed for seagrass and the data are used in a
kriging model to display species distributions asdess changes in the bed over time. However,

the quadrat methochnhave high sampling error, which leads to a decrease in power and thus an
increase in the number of quadrat samples (range: 36 to >99, median = 99) needed to detect
change (Mumby et al997). Thus, the more heterogeneous a bed, the more effort is needed to
survey and successfully detect change.

In beds that are fairly homogenous, many researchers have exclusively used diver
surveys with quadrats to assess chamgtsn the bedstructure Heidelbaugh and Nelson
(1996) conducted a power analysis of Aquadrat surveys in Sebastian Inldgridla. They
observed that a low number of quadrats (<12) were needed to detect a 10%ntlange
seagrasbed with a power of 0.9. Howevéne coefficient of variation (CV) for the mean cover
at the studied seagradssds ranged from-3%. In NC, the simulation modeling conducted using
aerial photos, suggests that tieefficient of variation CVs) of SAV bedcoverrange from 3 to
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16% (Figure4l). Shoreline fringing and blowout bed forms have the lowest CVs, with a
maximum CV of 6%, while patchy SAV beds have CV values that can be greater than 16%.
Since three of the four intensively studied sie@esented patchy SAV beds, the heterogeneity
of the sites will hinder our ability to detezitanges iIrBAV coveragewithin the structure of the
bed.

In this study, we did not intend to utilize the quadrat surveys as a sole source of SAV bed
change inbrmation. We sampled particular areas of the study regions, which helped us to focus
on the accuracy of the SONAR and at no time was the entire region sampled with the quadrat
method. Therefore, weereunable to estimate how many transewtseneededd successfully
detect change in areal coverage using a quadrat method. Instead, we suggest using quadrats as a
method to assess how the density of a bed is changing throughout time, and to utilize SONAR,
underwater video, and aerial photographs collefttad over flights to survey changes in the
area of SAV. These techniques allow for higher resolution of the bed at multiple scales, when
compared to quadrat surveys with equal (time) effort. We assume that less effort is needed to
detect the same level change in the SAV bed if one or more of the other methods is used.
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Strengths & Limitations of Kriging and Cokriging SONARData

An advantage to interpolating a surface from point data is that it allows for a description
of general trends within an area, especially when the collection of exact point data is not
plausible (Isaaks and Srivastava 1989). In this study, we @ll&#AV presence/absence with
the SONAR at the intensive study sites at a relativelydoade (6.3 m between transects, ~3 m
between acoustic reports). The accuracy of the SONAR, assuming the video was 100% accurate,
was between 6998% (Table12), with an average accuracy of 77%. At NPR in June (2009), the
accuracy of th&ONARdata was 69.4%, while the cokriging model median accuracy was 66%
(Figure32). The cokrigig model accuracies will be highly influenced by the errors associated
with the tool used to obtain the data points. Kriging models do not take into account the variance
in the model itself, nor the inaccuracies of the tool (Todini and Ferraresi 1996)is @rserious
limitation of surface interpolated maps. Ultimately, this capdréially minimized if kriging is
used for intensive sampling efforts on a local scale (Walter et al. 2001, Valley et al. 2005).
Keeping transects spaced evenly throughiout and space will heleducethe inherent error of
the kriging method Because classification errors from cokriging are often corretetedeen
two surveys (Burnicki 2011); cokriging should be able to defieahges in th8AV beds that
are visible tahe SONAR sensor

Geostatisticians are aware of the error associated with surface interpolation and are
working to rectify this issue (e.g. Saito and @aerts 200p, but there is currently no accepted
practice to entirely remove this error. At thiee, the best we can dotsbe aware of the error
and understand where in the kriging model these errors are the hgylusas when the
standard error of the prediction surface is high#ge can then use a stratified pbstc
sampling approach, basen simulatedinderwater waterideo point comparisons in different
strata of predicted sampling errtw determine if accuracy changes wtitle prediced standard
errorfrom an interpolated mapin our study, accuracy declined with increases in stdrefanr
of the prediction surfacgsee section on the sentinel site approach below)

In this study, we selected ordinary cokriging models that Weesal', minimizedthe
errors in the crossgalidation analysis (se&ppendix §. A posthocanalysisof three diffeent
cokriging models produced for the NPR site suggested that the median accuracy relative to video
did not change appreciably with the modélg)re32). However, they dithdicatedifferent
regions where the SAV bed was locatéaglre 31). The dominant part of the bed was identified
in all three cases, and this result was confirmed by high agreemeningd#hwater videan that
region(Figurel?). I n this study we IdealBimpe/'snodelwithi ng one
depth(m) and SAV converted to preserabsence data dise bestfor all cokriging modet
because: 1) it minimized the errors associated with cokriging, 2) nmedrthe area of the SAV
bed, when compared to the cover (%) method, providing a larger region for the state agencies to
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both protect and monitor for change, and 3) it maximized the accuracy of the cokriging surface,
as it compares to thenderwatewideo nethod.

When exploring change over timejstadvisable to select the bdatmodel for each site
and each time period. Modeling attempts to siiyjphe complex ecology of a system. Thus,
using the same model over time leads to the introductioddi@nal model errors because the
ecology of the region you are trying to detect changell also vary (Lehmann 1998). Using
the besfit cokriging model, which optimizgthe interpolation of the surface from the data
points, gives the begtossible epresentation of thBAV bed. This interpolated surface can then
be used to calculate the relative area of the SAV bed and detect changes in the bed over time,
provided both the modeling and tool errarstaken into accourdnd the accuracy is checkeg b
either underwater video of water quadrat samghindpe water

Strengths & Limitations of Remote Sensing Surveys

One of the most significant advantages of any survey based on imagery from orbital or
suborbital platforms is that large areas can beecet at relatively low costs. However, the
biggest limitations of remotely sensed imagery for mapping any submerged habitat are the strict
environmentatequirements for successful applicatiGhppendix ). These limitations greatly
reduce the number dfays when imagery can be obtained. In particular for NC, persistent
turbidity in low salinity areas, caused by Apaint source run off and dissolved organic matter
from coastal forested wetlands, greatly inhibits our ability to obtain useable remaoisdg se
products for these aredSidure4?). In NC, as in all areas in the Southeastern and Gulf Coasts
of the US, the atmospheric haze is prevalent from late May through the summer and is a major
problem for surveys that are udydlown at 10,000 or 20,000 ft. (3048 or 6096 m).
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Figure42. North Carolina estuary and river systems highlighting areas that can (green) and
cannot (brown) reliably detect SAV using aerial surveys. Water body abbrevi#&®ns
Albemarle Sound; PS, Pamlico Sound; CH, Cape Hatteras; OI, Ocracoke Inlet; CL, Cape
Lookout; CF, Cape Fear.

Monitoring Tool Comparisons

Althoughour SONAR surveys coincided with underwater video in space and time, the
two methods were not collectstmultaneously (i.e. on the same baatjimethodological
differences, such as vessel spesddo contributed sources of variatiohlthough we argeted
the same vess#lansectsising thewo methodsthe completed transects differed slighity
spatialoverlapdue to wind and tidadffsetsbetween the two vesseBigure29). This small
spatial offset may be responsible for some of the differences Ftlguantified athe study
sites

There were differeres in estimates d¢fs,, between the SONAR and underwater video
methods. The SONAR provided lower estimateBgf when compared with the underwater

94



video method at BLB, and NPR, and JBS while at SP$;¢hestimate was higher with

SONAR (Tablel7). The reasons for these differences have to do with the limitations of the
SONAR method and possible differences in exact positioning atnagsect during the

surveys. The video method is more sensitive to short (< 5 cm) arslgpdistributed SAV

plants, which are often missed by the SONAR,; this was observed at NPR, JBS, and BLB (see
Appendix §. In contrast, at SPS, where the plants are very tall (0.3 m in height above the
substrate), the SONAR method obtained a higlagmalue in part because the underwater video
method only looks at SAV in a fixed region ~13 cm above the bottom. The SONAR
distinguishes any plants (vertical canopy or root basal stems) within the water column, whereas
the underwater video method most digtiishes the rooted portions and plant stems within ~13
cm of the bottom. This methodology can miss very tall plants, rooted beyond the video frame,
but with a canopy occurring vertically along a transect. However, the underwater video method
can be modiéd to incorporate sites with tall plants by adjusting the caimékEght above the
bottom, as was done in the video method at SPS.

Table18 Mean and standard deviation (SD)rRaf,by transect and method at eactensivesite
and over all four sites. Relative change detection levels between 10 and 40% were calculated for
each method and used in the power analysis.

Site Method  MeanFsa,  SD
N
)5S S\S?V?R > 2
T
v w
All Sites S\g‘?\lerR 22:3 185?.73

The power to detect a change with both methods also declined where an SAV bed was
patchy Figure38). Patchiness @ SAV bed will increase the variation among transects,
resulting in larger standard deviations relative to the rkgan JBS was a patchy bed, as can be
observed from the high standard deviation relative to the mean in both the méthiud4 §).
NPR and BLB appeared to be less patchy using the underwater video method, with higher means
than standard deviations, but were patchy as measured with the SONAR method likely due to
inherent differences in the two metlso detect short plants. The lowest power to detect a 10%
change was in the patchy sites (NPS, JBS, BLB), and the greatest power to detect a 10% change
with both methods was in the SAV bed at SPS, which could be considered a continuous bed.
The low varation of g, relative to the mean at SPS required the least number of transects to
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detect a 10% relative change in both methods. The quadrats taken at SP&sirndligate that

there was an average of 80.2% coviatel8)atd e pt hs O 2 m. Addi tional
showed that the relative abundance of this bed did not changgroedrable18), with the

entire 300 m x 300 m area covered by SAV from June through September (2010).

It is important tonote that three of the four intensively studied SAV beds vari€gd,in
throughout the year (NPR, JBS, and BLB). These sites experienced large declines or increases,
as much as 60% iRsayas measured by SONAR (s&éppendix §. When the SAV at a givelits
has high intreannual variation, relative levels of change detection that exceed the typical within
bed variability will have to be used to determine any significant-em@ual changes Rsay
Thus,to detect longerm changes in SAV over yearsettime of year that the survey is taken
(index period) will be critical, and this should be standardized in a monitoring protocol. By
using the appropriate index periods to conduct the surveysshlgtity and lowsalinity strata
can be surveyed whenetlvariation inFs,, is mostlikely to be due to only inteannual changes,
not seasonal changes. This allocation of {a@sted survey effort is desirable from a personnel
management stand point as well, with effort of field crews focused on differeatar@i#ferent
times of the yeadue to SAV speciespecific changes within a season

Depending on the environment, SAV classified using aerial imagery, relatively shallow
and clear waters can capture nearly all the SAV within a site. For examB& ¢ty isolated
points of SAV were detected beyond the boundaries of the SAV delineated by aerial imagery
classification. The alongshore, dense fringing bed configuration in high salinity environments
may be an area that can be entirely mapped usirg) aeegery. However, SAV resources at
other sites, such as NPR, BLB, and SPS, occur in areas of reduced visibility (e.g., low salinity,
deep water or higher current) and are underestimated by aerial imagery classification (e.g. SPS,
Figure21). Under such conditions, targeted sampling with a combination of methods, SONAR
and underwater video, may be needed to locate the deep edge of SAV distribution and aid in
change detection. Suggestions for quantitatively targeting samplimgh salinity
environments would include reduced transect lengthensuringhat the deepest edge of the
distribution is exceeded. Extending transects a full 300 m is likely unnecessary. However, for
low salinity environments, transects may neeba@xtended beyond 300 m, as was the case for
SPS. Since we are considering recommending the cokriging SONAR method to estimate the
RAs,v0f a bed and how it changes over time, having only shormal transects are not
advisable. Both shomeormal and lsore-parallel transects that saturate the environment with
observations points, will lead to the merecurate surface interpolation and thus a rnelieble
changedetection level.

Underwater video has proven to be invaluable as a calibration addtiati tool for the

SONAR technique. Conditions such as soft sediment, shallow water, short plants, or very sparse
plants caused the SONAR to misclassify SAV presence/absence. Underwater video data
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provided essential information to definitively identiiynether SAV was present or absent.

However, the underwater video method alone, as demonstrated in the intensive site assessments,
is costprohibitive. Thus, utilizing the underwater video data to validate the cokriging model
produced by the SONAR acousteportsmay represerthe most coseffective and reliable

method to employor detecting change in SAV over time and sp&axause these data are geo
rectified and stamped with the time and date, it will also provide a photographic record of the

site.

Diver quadrats at our study sites also provided data that would have been missed by the
underwater video and SONAR. For example, at JBS, what appeared to be small, isolated
seagrass clones were identified by snorkelers as worm tubes with SAV leaf ditteisesare
potentially classified as false positives with the SONAR. It is important to note that even with
the high resolution camera, differentiating worm tubes with leaf detritus from live seagrass
clones may not have been possible. Further, somespadies are indistinguishable in the
underwater video. Deploying divers or snorkelers to conduct a quick reconnaissance of a site to
obtain voucher plant specimens should be considered by monitoring programs. In shallow
locations (< 0.5 0.7 m) where aither boatbased method can be deployed (i.e. in the shallow
regions of BLB and JBS), quadrat surveys with diversnorkelersan be used as an alternative
monitoring protocol if the bed extends all of the way to shore. In addition, diver and snorkel
surveys can provide information on how bed architecture with regard to canopy height and
species composition' is changing over space and tirhe.tréndobserved with these in water
surveyswere slightly different from the trends reported by the SONARSIAS, the area of the
bed did not change over timéablell, Tablel3), but the diver survey method indicated that
there was a significant increase in the density of SAV

Monitoring Protocol Recommenda tions

General Monitoring Strategy

As a general strategy for ddéwping a statevide performancdased monitoring program
in NC, we are recommending the use of a combination of methods in a phased approach
organized by geographical stratification and immpdated in a rotational sampling scheme
(Figure43). The goals and action plan of this strategy should strive to achieve a sustainable and
long-term statewide monitoring program through a series of steps thafieteptiorities for
locating and initiating sample sites, maximizes existing capabilities, and utilizes the most
appropriate and best available methods to quantify the status and trends of SAV resources. This
recommendation is based on the need foratisol to a very challenging sampling problem with
limited financial and infrastructure resources.
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Figuré43. Proposed geographical stratification of North Carolina estuaries and river syste
SAV monitoring would be phased across five zonesnd implemented in a rotational samplir
schemeover time

The general problem is that the overall size anepbigsical complexityoNC6s coast al
system make it impractical to monitor with one method. In addition to this protiiers,is still
a significant deficit in our knowledge about the distribution and abundance of SAV in
approximately 40% of the potential resource drd@ areas with lovgalinity SAV. A partial
solution to this problem is to stratify the coast into $emainore manageable geographic units
with clearly distinguishable biological and physical features that facilitates immediate
implementation and longderm program development. A second element of the solution is to
implement monitoring in discrete plessusing: 1) multiple approaches based on knowledge of
SAV distribution in each stratum, 2) approaches best suited for a stratum, and 3) informed
prioritization of management needs. As a critical component of the second element
recommend establishmeoita network of permanent sentinel sites to facilitate the most rapid
implementation of a monitoring program. Using this geographic stratification as the basis for a
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statewide plan, we recommend that the sampling effort be conducted in phases wheesreach
only one stratum is intensively monitored. With this plan, the eoiastwould be assessed in
recurring 510 year cycles. In the following narrative, we describe and discuss the justification
and specific details of this general approach.

Geographical Stratification

Based on SAV community composition and distinctive physical attributes, the NC coastal
ecosystem can be stratified into two large reglmased on primarily on salinity and SAV
species compositigrsimilar to the zonation schemeedsn the Chesapeake Bay monitoring
program. In the Chesapeake Bay, they distinguish three regions by salinity and SAV species
composition; upper bay, middle bay, and lower bay
(http://webvims.edu/bio/sav/savll/exec_summary.htnfls suggested in theéC CHPP, SAV
characteristics can be recognized as two major regions based on salinity (high and low). The
high salinity zone is hydrologically dominated by ocean tides and marine conditidrt®nsists
mainly of three seagrass&s,marina, H. wrightiiandR. maritima(Figurel). The low salinity
zone is hydrologically dominated by wind energy and freshwater discharge in the associated
rivers and tibutaries and occupied by one or more of seven possible SAV species with a wider
diversity of growth forms and life history strategies than the marine seagraab&=lj. In
each of the two zones, we recommeridrther level of stratification.

The high salinity zone should be subdivided into two strata. The first is a barrier island
shelf and lagoon stratum that extends from approximately Oregorfdnkbe Route 64 bridge
between Manteo and the Outer Bajtio Bogue Inlet, and the second is a southern stratum that
extends from Bogue Inlet to just north of Cape Fear. Knowled§AWfin thissouthern
stratum is limited, which is the primary reason for the separate delineation. The barrier island
shelf andagoon stratum constitutes the largest proportion of SAV resource documented in NC
(Figure2). Based on past experience, the barrier island and lagoon stratum has the longest
record and the most reliable demoastn of repeated monitoring with aerial remote sensing.
This is the largest documented area of SAV in NC, and we recommend that this stratum continue
to be monitored primarily by aerial remote sensing oryads repeating cycle. This will ensure
that his stratum is adequately monitored while allowing more program resources to be directed
at resolving critical deficiencies in the low salinity zone where the inventories of SAV are
inadequate and almost no monitoring is occurring.

To facilitate implematation of more efficient sampling in the low salinity zone, we
recommend that this zone be divided into five strata; 1) Currituck Sound, 2) Aloemarle Sound, 3)
Inner Banks of Western Pamlico Sound, 4) Pamlico River and 5) Neuse River. Differences in
watashed and estuarine characteristics among the strata, as well as potential differences in SAV
communities and stressors, warrant consideration of these further subdivisions. Stratification
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based on measureable and meaningful characteristics has angibamnnbenefit by reducing

the size of the monitoring area. Reducing the size of the monitoring areas to smaller and more
discrete manageable units will facilitate prioritization of actions, program development, and
implementation of monitoring plans.

Phased Sampling Program

We recommend that sampling be conducted in phases beginning with the immediate
planning and implementation of a remote sensing acquisition of SAV coverage in the barrier
island shelf and lagoon stratum. Immediate initiation of piiase will enable the monitoring
program to conduct an SAV change analysis based on the2Z20&8emote sensindata
acquisition. Any effort to gather remote sensing data should also pay special attention to
selection of the appropriate index periddntil the index periods are determined and fixed,
analysis of remote sensing data may be limited.

Concurrent with the remote sensing effort in the barrier island shelf and lagoon stratum,
we recommend initiating a second phase of the program. This §iagde establish sentinel
sites in a designated higiriority stratum in the lowsalinity zone. Once the sentinel sites are
selected (see the section below on selection criteria) in the high priority stratum-badedt
pilot monitoring project shouldebinitiated using the best available monitoring methods. Here,
we recommended further development of the combined SONAR and underwater video camera
method and, where necessary, snorkel and diver quadrat surveys.

Mechanism for Establishing Priorities

Dedggnation of strata, site selection priorities, and number of sentinel sites should be
established by a forum consisting of responsible parties managing SAV resources and
experienced personnel from interested and informed backgrounds. These individuals may
include, but are not limited to: staff from state resource management agencies (e.g., DMF,
NCDENR), interested partners (e.g., SR¥rtnershipAPNEP), stakeholders (e.g., fishing
industry, agriculture), expert scientists from state and federal instisutidNC (e.g., NOAA,

USGS, EPA, USFWS, NPS, UNC, NCSU, ECU, ECSU, Community Colleges), and NGOs (e.g.,
Nature Conservancy). Ideally, the forum could be established and operated within the broader
framework and overlapping objectives identified in the Gldastal Habitat Protection Plan

(CHPP) and APNEPG6s Comprehensive Conservation
CHPP clearly articulates the critical habitat value of SAV and the need for monitoring the status

and trends of SAV in NC as a priority, whde action withinthe APNEP CCMRs fifacilitating

the development and implementation of an integratedystenmonitoring network.
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Identifying and monitoring ecosystem stressors and the response of indicator organisms are key
el ement s of AP NSBténswithCSAW P oteationdandcconservation in the CHPP.

An established SAV Partnersthpsidentified SAVbaseline mappingndmonitoringas
an objective. This Partnership can provide the framevaortheforum. The partnership was
established in@06 with an Mmorandum of Understanding (MO¥itered into by the NC
Department of Environment and Natural Resources (NCDENR) [Albeiin&denlico National
Estuary Program (APNEP), Division of Coastal Management (DCM), NC National Estuarine
Research Resea(NCNERR) NCDMF, Division of Water Quality (DWQ), Division of Water
Resources (DWR), Ecosystem Enhancement Program (EEP)]; North Carolina Department of
Transportation (NCDOT); North Carolina Wildlife Resources Commission (NCWRC), Elizabeth
City State Unversity (ECSU); University of North CaroliradCoastal Studies Institute (UNC
CSI); The University of North Carolina at Chapel Hilhstitute of Marine Sciences (UNC
IMS); The University of North Carolina Wilmington (UNCW); North Carolina State Uniwversit
(NCSU); North Carolina Sea Grant (NCSG); East Carolina University (ECU); North Carolina
Coastal Federation (NCCF); The Nature Conservancy (TNC); United States Department of
Agriculture [Natural Resources Conservation Service]; and the United Statesnbmyasf the
Interior (DOJ) [U.S. Fish and Wildlife Service (FWS) and National Park Service (NPS)].

In the statement of purpose and in the Action Plan, this MOU identifies SAV monitoring
as an explicit component of the agreement and recognizes thd bereéts and interests by all
of the cooperating parties to utilize monitoring as a means to address management needs. To
implement the goals of the MQlthe Action Plan designates that the signees establish a
committee of technical experts to plan aodrdinate a comprehensive and cooperative-long
term monitoring program. To date, one of the many demonstrated accomplishments of this
partnership has been the acquisition of the most comprehensive map documenting SAV
distribution ever produced in NEigure2). The resources of this partnership should be
leveraged to facilitate the development and implementation of a¢éosnmgSAV monitoring
program beginning with the establishment of sentinel sites.

Sentinel Sites

As discussed above in our recommendation for establishing the five monitoring zones in
NC, it is impractical to expect to have a comprehenspastwide program without
geographically stratifying the state. Even after establishing these geogtagiaicte
individual monitoring zones are still large and-pioysically complex. Additionally, several
zones still lack compete resource inventories, so it will be difficult to design a synoptic and
probabilisticbased random sampling program in thosees until the inventories are completed.
As a solution to this problem, we recommend that NC consider the immediate development of a
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sentinel site monitoring plan that draws upon historical knowledge of SAV distribution and
vulnerability of existing SAV.

Definition of Sentinel Sites

In a sentinel site approach, relatively small numbers of fixed locations are selected for
intensive study. More specifically, sentinel sites are spdoifations inthe environmenthat
have thecapacityfor intensive aidy andsustainedong-termobservations to detect and
understand changes in the ecosystemsrganesenf{Jassby, 1998, Christian and Mazelli 2Q07)
Three critical factors govern the scientific rationale behind the selection of representative
sentinel ges: 1) the sites should have key physical and biological attributes that represent the
larger ecosystem; 2) the sites should have significant ecological value associated with the
presence of key species that are significantly important to ecosystemoruf@ct., SAV); and 3)
there is a high likelihood of detecting change.

I n addition to the scientific rationale be
rational e. 0o I n the case of SAV chamsge detect
consider the potential stressors that may be responsible for change. The stressors should align
with the selection of sites accordingariori knowledge so that resource agencies can use the
monitoring data to consider appropriate management pobaeid actions. This is generally
regarded as prospective monitoring and can be used to detect and measure anticipated ecological
problems.

The likelihood of detecting change is nearly always the most difficult factor to address.
This difficulty is two-fold. First, monitoring must be capable of distinguishing the response of
an indicator (SAV), from its background vari a
ratio. In NC, our results suggest that this ratio is low, with lots of backgrousel iad seasonal
variation in SAV, which can obscure lotgrm changes in SAV. Second, the monitoring
program must be capable of distinguishing the
to identify the spatial and temporal correspondenced®t the indicator and the stressor. In
cases where there is the possibility of multiple stressors (see APNEP Comprehensive
ConservatioManagement Plan), multivariate correspondence analyses are even more
challenging. In many instances the spatial sohtbe system is quite large so there needs to be
multiple sites that form a network sufficiently comprehensive to obtain the appropriate spatial
coverage of the indicator and the stressors. With regard to the stressor, three conditions must be
fulfilled: 1) the sentinel site, or some subset of a network of sites, must encounter the stressor;
(2) at least some sites in the subset must be responsive to that stressor; and (3) the background
variability at those sites must not disguise the response tadiseat of interest. Since the
possible stressors of SAV and criteria for site selection are almost never known in advance and
may be a random probabilityased process, selecting sentinel sites presents challenging
statistical problems. One such problefith sentinel sites is the inability to extrapolate measures
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of SAV abundance to the broader estuarine strata. The extrapolation to broad areas of the sounds
may be accomplished by using a stratified random sampling approach to select sites. The power
to detect change within sentinel sites is enhanced relative to a stratified random survey, but the
changes, if detected, cannot be generalized to the entire region. We recommend that ultimately
the monitoring program should incorporate both stratified nandod sentinel site approaches,

but that the sentinel sites should be a priority.

The scientific and management rationale behind site selection must be balanced by
several practical considerations. Capacity refers directly to the accessibility ofsesiteel
sites must be logistically reachable to sustain repeated observations on meaningful temporal
scales.One of the rajor challenges in establishiagd maintaining aetwork of sentinel sites
are limited financial, staffing and infrastructuraloesces. Somef these limitations can be
overcome by strategic selection of sites, sampling during optimum index periods to minimize
effort, and consideration for locations that have existing monitoring and observing infrastructure
and/or local support facontinuity of monitoring activities.

Sentinel Site Selection in North Carolina

As per the discussion above and considering our recommendation for geographical
stratification of monitoring zones in NC, the process for sentinel site selection shitally
address each zone separately. Thus, we recommend that each geographic zone have its own
network of sentinel sites. We also recommend pursuing a larger goal that develapsrade
network. This larger network would consist of subsets df aane that would be incorporated
into a more extensiveoastwide program.

Despite a sense of urgency in recognizing the need for monitoring SAV, it will be
important to establish a consensus of priorities that facilitates program development without
further delays. The size and complexity of the SAV resource restricts our ability to immediately
comprehend and implementaastwide selection of sentinel sites and necessitates a measured
step by step process that incorporates spatial elements ofipaitaoit. This first step can begin
with the selection of priority geographic strata from our recommende&iligiré43). Since we
are recommending that the highlinity barrier shelf and lagoon strata be maneitl primarily by
aerial remote sensing with an accuracy assessment, we have already recommended one priority.
Consequently, this reduces the areas for consideration to the other four strata. This
recommendation is not intended to ignore the establishofeentinel sites in the higalinity
zone. However, since we are recommending the continuation of remote sensing in this zone, we
do not want to suggest delaying selection and prioritization in the other zones where there is little
or no monitoring aall. We recognize the benefits of sentinel sites in the large barrier shelf and
lagoon zone and the committee can return to this stratum in the future to evaluate
recommendations for individual sites.
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The next step in the site selection process shmandider the intersection of four criteria:
1) current knowledge of the spatial distribution and composition of SAV resources in the zones,
2) knowledge and understanding of the location and magnitude of stressors and their effects on
SAYV, 3) accessibilit of sites within a zone, and 4) the spatial distribution and capacity of
existing or planned environmental monitoring programs. All of the steps in this process, as well
as implementing the actual monitoring program, can be facilitated by the spatidatian of
information and data using a dedicated Geographic Information System (GIS) project. This can
be an expansion of the SAV project that has a
Fisheries and Habitat Research. The CCFHR projecaitena great deal of imagery and all
available SAV data layers. We recommend that the monitoring program be staffed with
expertise to manage the data and the GIS. The use of GIS in this site selection process also
facilitates more sophisticated analyséspatial data and provides opportunities for landscape
level assessments of the potential effects of ecosystem stressors on SAV (Li et al. 2007). The
narrative that follows generally describes our recommendations for each of the steps and
development othe GIS.

As per our definition of sentinel sites, the process of prioritizing zones and site selection
should consider representativeness of the SAV habitat. Current knowledge of the spatial
distribution and composition of SAV resources in the four gamaler consideration is
fragmented and incomplete, so our ability to delineatenaprehensiveampling universe is
limited. However, there is sufficient knowledge to begin a quantitative evaluation of locations
which might be considered representativéhe SAV ecosystem. As a first step in the process,
for each of the four zones we recommend developing &g&ibally articulated map of
Apotential SAV habitat. o Formally defining a
biological and ecolgical attributes of a system and the living requirements of a specific resource
is a tool that scientists and managers are using to establish the scientifisaty spatial context
for mapping, monitoring, and assessing natural resources (Lathru@@dh).Steward et al.

2005, Li et al. 2007). SAV in a large portion of the estuarine area of NC is similar to other
examples of natural resources where their precise distribution and dynamics are not well
documented in space and time. Thus, to definsph#al context for a sampling or assessment
universe, we utilize what we know about the resource to predict an expected distribution. This is
what i1 s referred to as fApotenti al habitato (s
2010). The map gfotential SAV habitat should be derived from a compilation of all available
data on SAV presence and distribution confirmed by direct observations from, for example;
remote sensing, field surveys, research monitoringp#methistorical information. Té

compilation of potential SAV habitat has already been initiated by NCDMF and can be updated
using data from this CRFL project, new reconnaissance sampling using accuracy checked
SONAR transects, an inventory of more recent surveys by institutional tessenich programs,

and other current and historical field observations.
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Where possible, the second most important element of this potential habitat map should
include a bathymetry data layer which clearly identifies depths to-the&ldpth contour. INC,
the 2m depth contour is a scientifically defensible conservative estimate for the expected lower
depth limit of SAV distribution. During the course of this study, SAV was identified in waters
up to 4 m deep. This suggests that depth contours b@yanshould be considered, especially
in the lowsalinity region. Initially, the upper boundary of SAV distribution can be characterized
by a shoreline data layer. These two boundaries define the upper and lower limits of where we
expect SAV to occur, tis, the potential habitat. In time and with additional empirical data, each
of these boundaries and the extent of their{simgre dimensions can be refined to develop a
more precise map of potenti algrloavini sfvehéaet uy ei nc o
SAV is not expectedsensuLi et al. 2007). These rgrow areas might include locations such as
navigation channels, hard bottom reefs, high wave exposure sites, and physically modified
shorelines. A Gl$ased spatial analysis of the overlap le=wthe confirmed SAV habitat and
potential habitat can also be used to spatially quantify and identify the gaps in our knowledge of
SAV distribution. Where SAV is not recorded but is expected, field based reconnaissance
sampling can be used to validate bverlap of confirmed and potential habitat. This GIS
exercise will build confidence in our expectation that potential habitat is a reliable predictor of
actual SAV habitat. This spatial exercise will also serve as a guide to direct and prioritize the
selection locations where reconnaissance surveys can be used to close the gaps in our knowledge
of SAV distribution in each of the strata. Once these gaps are closed, the monitoring program
will have a more comprehensive baseline map of actual and potesiitat. The final baseline
map of SAV habitat will provide the best possible estimate of a sampling universe where sentinel
sites might be located.

Further evaluation of the baseline habitat map should consider one of the main criteria for
sentinelsite selection: are the locations of known SAV habitat spatially and ecologically
representative of the zone? Factors that should be considered in this assessment include the SAV
species composition and presence in the historical record. In the caszioé systems, the
upstream boundaries for possible site selection should be established by committee consensus.
Where possible, sentinel sites should be distributed so they represent the long axis of the system
as well as the opposing shorelines. sTdiistribution will gain the begiossible representation of
environmental gradients and SAV community structure within a zone.

The capacity to sustain monitoring to detect the effect of stressors on SAV depends on
several factors which must also be sidiered in the selection of representative sentinel sites.
The first consideration should be a thorough assessment of SAV stressors in each zone (what
they are and where they occur). Many of the possible stressors effecting SAV in NC are already
identified and described in the CHRRt need to be prioritized with regard to confirming where
they are, their relative magnitude of effect, and their overall relative importance. Ideally, if the
monitoring program intends to develop a broader network of stsites throughout NC, this
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assessment should consider whether a stressor is unique tq arabités expected to occur in

multiple zones. The forum can utilize information in the APNEP CCMP to help in identifying

local and regionally distributedrste s s or s . Simultaneous consider a
SAV and its distribution in the zones can be used to create data layers in the GIS that serve as the
primary sources of information for developing a stressor map. Spatial analysis toolstiséould

be used to quantify overlap between the SAV habitat and stressor layers and identify locations

where sentinel sites should be prioritized.

Thenext factor to consider in site selection is the accessibility of candidate sites. Since
most, if notall, of these sites will be accessed and sampled from a small vessel, the locations of
public and private boat ramps and digitized navigation charts should be incorporated in the GIS.
Distance to boat ramps and navigation routes can be used to evatestahality of individual
sites within and between zones.

Another important factor in assessing the capacity of candidate sites is a consideration of
the proximity of existing and/or planned environmental monitoring stataswell as proximity
to StraegicHabitat Areas (SHAS), such as primary and secondary nursery areas (A. Deaton, NC
DMF, pers. comm.) A thorough inventory of existing monitoring stations including their
location, parameters sampled, and the type and frequency of sampling can ipfovidation
and data on possible SAV stressors. This compilation can be facilitated through the APNEP
CCMP which has closely related monitoring goals. When available, relevant environmental
monitoring data should be incorporated into ArcGIS as sepdasadayers.Similaly, SHAs
have been prioritized for most of the estuarine regions considered in this SAV study, and should
be considered when priading SAV sentinel sitesSpatial analysis can be used to assess the
correspondence between candidaissvith SAV and available monitoring data. Locations
having closely corresponding monitoring stations and SAV presence should be considered as
high priority.

The evaluation of capacity and establishment of priorities should also consider the
geograpic locations, expertise and infrastructural capabilities of institutions which could be
solicited to conduct monitoring. The State of NC has a number of agencies and academic
institutions either already involved in coastal monitoring programs or straliggocated such
that they could readily access specific strata to conduct monitoring.

Use of the GIS platform and spatial analytical tools provides the opportunity for more
sophisticated landscape analyses in the prioritization of zones and th®sea€sentinel sites.
Landscape level analyses can facilitate improvements in the site selection process by identifying
stressors and their potential effects on SAV at larger scales of the estuary and watershed. This is
based on the premise that walkerd and estuargcale stressors affect estuarine environmental
quality (i.e., water quality), and in turn, these are critical to the health and condition of SAV (Li
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et al. 2007). Factors that have been included in a landscape approach were landinbead po
norpoint source nutrient discharge, septic tank density, precipitation, fresh water discharge,
salinity, and wind fetch (Li et al. 2007). A landscape approach can also incorporate important
spatial features in an estuary such as depth, widtlsfzor@line dimensions. As suggested from

a statistical assessment of sgiuaries in the Chesapeake Bay (Li et al. 2007), this landscape
approach may be a very useful in NC for distinguishing differences in stressors within and
between strata, identifyinthye most important stressors in each strata, and setting priorities for
locating monitoring sites.

The | andscape approach wil/l not resolve th
individual strata. Unfortunatelgoastaimonitoring infrastructre in NC is sparse and not yet
well coordinated and the lack of point data will make it difficult to accurately interpolate stressor
maps and locate sentinel sites with corresponding environmental data. This is a recognized
problem in the Chesapeake Bayddndian River Lagoon monitoring programs where water
guality stations are sited offshore in deep water and are not commensurate with the shallower
SAV sampling stationsA P N E héngoring component should consider this dilemma as they
develop a compremsive integrated network of sampling stations and parameters. This exercise
of SAV sentinel site selection will have added value in that it can be used by APNEP to help
prioritize the future selection of sites that benefiitidegrated monitoring pgram. In the
meantime, a landscape approach that includes estuarine and watershed characteristics can partly
compensate for this limitation while providing important data for predicting variation in SAV
distribution and abundance and linking changes i 8Awatershed and estuarine level
management initiatives (Li et al. 2007).

Sampling Strategy and Design

As per our recommendation for using a rotational strategyoastwide monitoring
program, initially the sentinel sites in just one strasimuld be monitored each year. As the
monitoring programbs capacity is increased, i
strata in future years. Once sgtl, sentinel sites should be sammledr i ng an Ai ndex
when SAV cover and abuadce is expected to be at or near a seasonal peak. Index periods for
the lowsalinity strata in NC occur between May and t8eher(Quible and Associates 2011).
The highsalinity strata have a similar window for the index period, but peaks within tioel per
are better understood with respect to the seasonal abundance of the three species (Thayer et al.
1984, Street et al. 2005, Deaton et al. 2010). The peaks in thedigity zone depend on
whether the tropical species or the temperate species isaumilfZ. marinais dominant, the
peak index period will be in Magune, but iH. wrightii is present, then the peak will be in
AugustSeptember. Likewise, in the lesalinity zone, for any individual location, peak
abundances can shift within thigéi month window, depending on the SAV species composition
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and recent environmental conditions (e.g., climate, precipitation, storms) (Quible and Associates
2011).

As it is unlikely that all sites will be sampled at the same time, it will be important to
complete allsites in a zone within the fiveonth window. During the next repetition of the
monitoring cycle each site should again be sampled as near as possible to the calendar date of
the previous samplePeriodic visits to each of the sentinel sideising the index period can
provide additional qualitative observations on shifts in peaks or changes in species composition
(see for example, Quible and Associates 2011). These observations over {eertoogn be
used to develop a better understagdifspecies phenologgnd adjust the timing of sampling
events as the monitoring program matures into other geographical zones. Using this relatively
simple design, the change in SAV monitoring metrics can be statistically analyzed using either
logisticregression or repeated measures ANOVA, depending on the metrics selected for
monitoring. All sentinel sites should have a design that incorgatafgh stratification and
includes sample replication so that a standard deviation and variance of thecameb&
computed.

Sampling Metrics

We recommend -daedsotprt u cntgi viien® ns enm@abunSAY met hods
species composition and abundance. -Nestructive methods are rapid, inexpensive, and
minimally disturb the resource. Abundance candiemated by the two bodiased techniques
we evaluated in this CRFL project: 1) direct measurements of SAV presence/absence using an
underwater video camera, and 2) indirect measurements by remote sensing percent cover with
SONAR. The limitations of eaddf these techniques can be minimized by further development
and testing of a method combining the use of rapidly acquired SONAR data that is assessed for
accuracy by underwater video (see AProof of C

Species composition and atslance metrics can also be acquiredater using snorkel
or SCUBA divers. With proper intaralibration between observers, visual methods are accurate
and repeatableMyw.seagrasswatch.grgourgqurean et al.0b1). A commonly practiceddn
water nondestructive measure of abundance used indalmity regions of NC is a visual
assessment of percent SAV cover recorded as a proportion of the area within a quadrat placed on
the bottom (Quible and Associates 20d/yw.seagrasswatch.grgRecently, Quible and
Associates (2011) successively applied this method using snorkelers to identify the species
composition and to quantify the abundance of SAV at 17 sites in AlbeBwauled over a period
of five years. Since SONAR alone cannot identify species composition, it would be necessary to
do additional sampling in the water and/or with a video camera to determine species
composition. As both of the beaased methods havedieced capabilities to acquire data in
relatively shallow water < 0.5 m deep, it may be necessary to acquire data by a combination of
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all three of these methods. Likewise, the underwater video camera and SONAR methods
provide alternatives to SCUBA divingif sampling deeper water where snorkeling is inefficient.

In addition to the biological metrics, we recommend a specific set of physical parameters
be incorporated into routine SAV site monitoring. The following list explains each of the
recommendedgrameters.

1. The maximum depth distribution of SAV should be determined at multiple locations in each

site. Changes in the maximum depth distribution of SAV can be used as an indicator of water
guality stress, especially stressors associated witkrwkarity (Dennison et al 1993). To

facilitate an assessment of this metric, the depths of each site should be characterized by
constructing a geospatially articulated bathymetry map of each site that extends from the

shoreline to at least 50 m offsharkthe existing deep edge of SAV distribution. The locations

of SAV can be can be superimposed on this map at each sampling time to assess changes in SAV
depth distribution. It is important to note that the SONAR survey will produce bathymetric

maps, butidal and windtide effects should be considered while data collection with SONAR is
underway.

2. The sediment grain size and organic matter content of each site should be characterized at the
start of monitoring using standard methods. Sonar canlpihleere and with proper ground
truthing (with sediment cores) SONAR method can be successfully used to map-typiom

3. At a minimum during each sampling event, water temperatissnlved oxygenyind speed

and direction, water/tide level, Secdisc depth, water turbidity, and the attenuation of
Photosynthetically Active Radiation (PAR) should be acquired. Ideally, all sampling teams

should be outfitted with water quality datasondes to facilitate the collection and management of a
wide array 6 standard water quality parameters. Ideally, the SAV sentinel sites can become part

of the APNEP CCMPG6s integrated monitoring net
the indicator organism and water quality data as measurements of the stressors.

4. A comprehensive biphysical description of the adjacent shoreline within 1 km of either side

of the sentinel should be completed. We recommend including factors such as land use category,
riparian shoreline features, and shoreline modificatidesified by the recently released

NCDCM estuarine shoreline map (http://dcm2.enr.state.nc.us/Maps/shoreline_mapintro.htm

As a better understanding of SAV distribution is achieved in theskdmity strata and
deficiencies in the resource inventory map @liminated, the lorterm monitoring program can
then proceed to develop a synoptic and probabilistic based sampling approach within each
stratum. To facilitate reaching this goal, the prioritization process should continually evaluate
whether the basiele maps for any of the individual strata are deemed representative and
adequate for synoptic sampling. In the meantime, the program should continue to monitor
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established sentinel sites, add sentinel sites in each stratum as deemed appropriatenaand desig
sentinel site program for the two strata in the sghnity zone.Sentinel sites can also be used

as an interim spatia@ap measure until we get comprehensive and accurate estimates of the
spatial extent of the undetected (hidden or invisible) SX¥& also envision using sentinel sites

to fill temporal gaps between strata visits (e.g., 5 year cycle) through annual visits to obtain a
record of interannual or natural variation in SAV distribution and abundance.

Proof-of-Concept for Developing a Combined SONAR and Underwater Video
Survey Method for SAV in the Albemarle - Pamlico Estuarine System

Sentinel Site Approach Using Intensive Site NPR (June 2009) as an Example

The following is a recommentan for sentinel site sampling. Ideally this would be
initiated at areawhere remote sensing is not applicable (e.g-dalinity areas)but this
approach can be applied to all areas of N@is proposed efforbuilds upon the information
learned throughout this projeahd maximizes the strengths of eadat basednethod (SONAR
and underwater video) whil e Fanexampmengnelsige t he
surveys using only underwater videould be very accurate; howeverwnibuld require
extensive investment in personnel time, and isstioeeneitherpractical nodesirable. Relying
solely on SONAR surveys to classify SAV preseatsentinel sites also has its drawbacks.
While SONAR is a rapid approach, its accuracy is variable (ranging fran®8%o),
substantiallyaffecting the poweto detect change in SA&rea coverageFor this reason, using
the SONAR technique alone is not desirable. Therefore, we are recommendingtaahulti
approach to sample sentinel sites, using SONAR and underwater Ydgie by-site analysis is
necesary to determine thmagnitudeof change that is detectable with SONAR. Here we
provide an example of how to determine this change level and supplement the SONAR method
using underwater video. BriefllBONARdataare converted to a predicted SAV surfadech
is verified and assessed for accurasyng video camera drops at randomly selected points. In
this way, the predicted surface is validated for accuracy which can be used to define the
detectablenagnitudeof change for each site and sampling ingerv

Presented below is atailed escription of the recommended method andllustration
of results using data collected in June 200@t&nsive sitdNPR. Data collection at this site
followed methods that were slightly different from those beicgmenended and thus, this
synopsis is for demonstration purposes only. The conclusions, while informative, should not be
used for any quantitative analysisistead, we suggest that a separate survey be conducted that
aims at answering the questions polsece.

Using the methods described for transect selection and SONAR data collection earlier in this
report, we recommend the SONAR data be converted into a surface layer (ArcGIS Raster

format) of predicted SAV using cokrigingigure44). Details of the cokriging steps to be
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followed are described iAppendix 8 An additional step to the cokriging approach is to export

the standard error (SE) surface that is associated with the SAV predication deijace4®).

This can be obtained by righlicking on the cokriging surface in ArcGIS 9.3 and selecting the
'Create Prediction Map' option. It is important to consider the SE of the predicted surface
because this is a measurauotertanty for the cokriging of the SAV presence/absence

prediction map. Regions with high SE values are likely to have lower accuracy because the
SONAR pointsused to interpret the surface are further apart and hence less reliable. To quantify
the accuracy ahe cokriging model, video validation points should be distributed across the site,
but also across the predicted surface's error range. In this example, the cokriging standard errors
(SE) were grouped into three categories: low, medium, and high. Gétesmpries were selected
because this analysis is being dexgostfactoand the distribution of the video validation

points is limited to what was collected for the power analysis exercise. It was important to have
sufficient video points within eacBE category. For this example, only three SE categories had
sufficient observations (> 800) to conduct an effective exploratory analysis at NPR for data
collected in 2009. Ideally, SE would be thoroughly evaluated at a site, where the number of
categoris and grouping of categories would be determined by how the accuracy of the method
varies with increased SE levels and video validation points distributed accordingly.

Underwater video validation points should be stratified across the site based @athe ar
encompassed by each SE category and then randomly placed within each SE category area. In
the example, SE areas were as follows: low 38%, medium 55%, and high 7% of the total site
area. The 100 underwater video validation points, which is estimabedaaay's effort of data
collection, were then randomly distributed across the site based on these SE category ratios
(Figure46). This means that for the 100 underwater video points, 38 were randomly selected
from the low SE category, 55 from the middle, and 7 from the high SE category. Using a remote
sensing technique called 'punching through', the underwater video validation points (scored as
SAV present/absent) were compared to the SAV prediction surfagedi&nom the cokriging.
Punching through describes the method of extracting the SAV surface values (SE and SAV
presence or absence) at the exact location of each underwater video validation point, or in
essence, punching an underwater video point thrtigBAV and SE predication surfaces and
retaining the SAV predicted value (present/absent) and SE category for each collected
underwater video observation.
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Figure44. SAV prediction surface from cokriging at NPR.

Legend
ACOUSTIC reports
SE co-Kriging s S | A LA
0.3126 - 0.3177 (low) LN L e A
0.3178 - 0.3238 (med) e St
0.3239 - 0.3374 (high)

S R S o s RS o S A N

> 0 35 70 140 Meters
R

Figure45. Standard error (SE) associated with the SAV prediction surfaceasive SittNPR
usinggeospatiatokriging of SONAR data.
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Figure46. One hundred random underwater video validation points veeekto assess the
accuracy of th&AV prediction surface antensive sittNPR usingcokriging Underwater video
points were stratified by total area of each standard error (SE) classifidatioim = 38)
medium(n = 55) and high(n = 7)

Once a wileo classification and SAV prediction from SONAR is obtained for each point,
an accuracy assessment can be conducted for the site. Following methods described in the
accuracy assessment section above, each point can be identified as a classification of
disagreement or agreement between the two methods. Classification agreement can be further
evaluated for SAVKigure46). The total number of agreements to the total number of
classifications quantifies the SONAR method's abibitgetect SAV, which leads to the
determination of a change detection level. In the example, 70% of the SONAR points agreed
with the underwater video validation points. This can be further broken down by SE. In this
example, the SAV predicted surfaceiwiow SE, had 68.4% agreement between points (26/38
points), at the medium SE level, the methods agreed 69.1% of the time (38/55 points), while in
the region of highest SE, also had the highest accuracy at 85.7% (6/7 points). Thus, with an
overall accuray of 70%, the smallest amount of SAV abundance change that could be reliably
detected is operationally constrained to 30%. This value is going to be highly influenced by the
form of the SAV bed and the limitations of the SONAR (see the section abowvikis Example,
it is evident that disagreements often occurred (30%, 9/30 points) at the edges of the SAV bed
(Figure46), where SAV mostikely has a more patchy distribution. In addition, two of the
disagreement points werevery shallow water where the SONAR method struggles to
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successfully identify SAV. The remainder of the disagreement points (63%) occurred outside of
the main bed, where there are clear regions of no SAV interspersed with smaller areas where
SAV is preseh This region is similar to a patchy SAV bed and it is expected to take more effort
to accurately classify.

The pattern observed in this example of increasing accuracy with increasing standard
error is counter to our expectation. As mentioned abéginning of this section, the example
used here should only serve as an example of the capabilities of the method and the trends and
conclusions of the example should not be considered as truth. As a result, we performed a
bootstrap resampling analy$siesm the NPR site with all underwater video and SONAR
cokriging points available for comparison. This bootstrap analysis is described below and will
serve as an introduction to the combined methods we are recommending for further testing at
sentinel sites

Accuracy of the SONAR Cokriging Surfaces

The accuracy of cokriging surfaces needs to be investigated if the approach is to be used
in a sentinel site protocol. Here, we simulateuracy of the cokriging SAV prediction surface
at different level®f video drop camera effort using a Mot@@arlo resampling approach. We
usedthe SONAR cokriging surface and video drop camera comparison method from SONAR
and video data selready collectedt NPR site, following the methods just described above.

This data set was analyzed in Systat 13 wusin
SE strata from the cokriging map with bootstragsaenpling used to compute accuracy in each
case from the distribution of underwater video drop points. Different numbeideo drops
were randomly selected (n with video drop sample size intervals of 10 through 100, 500, 1000
video drops) and each level of video sampling effort was randomly sampled with replacement
100 times. Accuracy was computed each time by summingutinéer of correct classifications
(the counts of video drop points at which SAV was present in both the SONAR and video, or
both absent in the SONAR and video), then dividing by the total number of video drops. Mean
accuracy was computed for each of tb&riging SE strata zones. All these strata showed a
convergence in accuracy after 30 video drops, but strata 1 (low SE) and 2 (mid SE) had
noticeably smaller variability and higher mean accuracy, with an asymptotic accuracy of 70 %
for stratum 1 and 65 %or stratum 2 after 100 video drop camera poiRtgyre47). Stratum 3
(high SE) had the most variable accuracy of the three strata and mean accuracy was lowest in
this stratum (54%). The cokriging surface of SAV presencéserece at this site was-89%
accurate over most of the study area, but when the cokriging SE was large, accuracy fell to 54%.
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Figure47. The accuracy within each standard error (SE) stratum from cokriging surfaces of
SONARoODbtained aintensive sitdNPR in 2009 when compared against different number of
video drop camera points. For each level of video camera sampling effsgaimpling

estimate of 100 bootstrapped samplesused to derive the mean accuracy.

We hawe shown the accuraday quantifying % SAV covewith the BioSonics DX
SONARwith ECOSAV2 averages 77% when compared to underwater gataera imagery,
but it variedbetween 69% and 98 at the four Intensive and nine Rapid Assessment sites in our
CRFL-funded study conducted in 20@®11. This wide range of accuracy is due to several
factors: 1) the SONAR does not detect short plants (< 6.8 cm) because of a limitation in the
ECOSAV2 algorithm, which intentionally omits such plants to avoid false postawesed by
detritus and other targets associated with the bottom; 2) algae that exceeds this plant threshold
will be detected, but algae can be discriminated by a human reviewing the videography, and has
not been included in the definition of SAV that wasigted on video; and 3) in sparse and
patchy beds, the two methods differ because of navigation and GPS positioning error. All of this
|l eads to the two methods fAseeingo different

We feel that thiSONAR method is a promising tolar surveying SAV in the low
salinity region of the APES and at sentinel sitBst, sinceSONAR technology is developing
rapidly andthese new technologies are untested, they cannot be useduiima basidy
NCDMF. It isoutopinion that the SONARhethod isstill in need of further accuracy
assessmestndmethodsdevelopmentor use inNC estuarine areas.
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Suggested Project Design for SAV Acoustic Reconnaissance Surveys for
Low-Salinity Areas in the Albemarle z Pamlico Estuarine System

Describedbelowis the project design for further development of a SONAR monitoring
protocol suggested liisinitial study. APNEP and ECkhouldpartner to do the following:

1) Purchas@Lowrance HDS5 Sonar System with Structure Scan (this is cheaper than
BioSonics DTX or MX, requires no training on easier to use for surveys and field
personnel). Cost: ~ $300for equipment. This does not include a software analysis
suite, so SONAR data collected by the Lowrance echosounder cannot be analyzed
without a contractvith Contour Innovations (see 3 below).

2) ECU would provide the existing BioSonics DTX or purchase a new MX system ($10,000
including software) with the SONAR equipment to run as aBidside comparison
alongside the new Lowrance/ciBioBase system.

3) Contract with Contour InnovationgiBioBase)to do thekriging of the datacollected
with the Lowrance HDS echosounder arhlyze the data using uploadsiBioBase
(1-day turnarounaf data processingusing depth and biovolume as predictors
($4300/yeafor unlimited uploads).

4) Use 60 shor@ormal transects from 0.7 m to 4 m de@tb00 m)spaced 25 m apart.
Collect data along the transects at 3 knots (1.5. nT/Bjs will take approximately 2 days
of SONAR surveys to complete each site. Our rapidsassent survey indicated that
maximum linear size of SAV patches are approximately 1500 m long at the most heavily
inhabited sites (~1400 m at Batchelor Bay and ~1700 m at Sandy Point). This will result
in survey polygons that are abdive times as largas the 300 m x 300 polygonswe
have done in our preliminary work. The spacing of transects are what is recommended
by Valley et al. (2005). Because they will be spaced in a systematic manner, the reduced
variance method of Fewster (2011) can be usethalyze the data.

5) Repeat thiSONARsurveyat 25locationsin Albemarle Sound, Pamlico River, and
Neuse Rivergover afive-month period, May through Septemperg., 10 days per month
allowing for weather and other interfering water conditions, westesms, etg.. Sites
will be selected (at random within our lesalinity strata or as directed by agency needs
in consultation with th&AV Partnershijp

6) Use at leastO0 video camera dropiakenat random within each500 m x 500m

polygon to degrmine accuracy of the sonarkeming surface of SAVThis will take
another day per sitéife days per month). The sample size of 100 video comparison
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points is based on the bootstrapping analysis done in this report; above this sample size,
little gain inaccuracy estimate was observed. This can be done by a separate boat and
video team dedicated to this task, but working an area as soon as possible after a SONAR
survey is completed and krigs produced.

7) Investigate the accuracy of thekaging surfaceat each sitdoy computinghe agreement
between video points and SONAR kriging surface, determining SAV presence at each
comparison point

(Agree sav + Agree no sav)

Accuracy = . - x 100
Total comparion points

ciBioBase will provide kriging surfaces for all polygons and raw data to ECU for
computation of the accuracy valueghin oneday of the SONAR data collection for use in
determining the SONAR accuracy. ECU will produce cokrigings (depth and SAV cover) from
the BioSonics DTX SONAR data. ECU will collect the SONAR and video data, and compute
the accuracy estimates footh the Lowrance and BioSonics DTX SONAR data.

Conclusions

This project documents the recommended protocols we have develofddetfState of
North Carolina to conduct behtised surveys of SAV in both lesalinity and higksalinity
regions of theAlbemarle Pamlico Estuarine Syst¢ APES) We have developed a combined
underwatewrideographic and SONARBrotocolthat can be used to monitor chan@Essmall as
10% and up to 40% changa)SAV between two surveys the samesite separated in time by
maximumof 5 yearsWe investigated kwater techniques (diver quadrats) only for comparison
with SONAR data, not for estimating change in SAV, but report costs for botibasad and
in-water methodsBoth SONAR and videanethods were developed foethpower to detect
changes used along a series of stmmenal transectism a small survey area 300 x 300 m
polygon,90,000 M), called arintensivesite in this studyandwe computedhe necessary
sample sizes in terms of the number of trandeadstect 10%20% and 40% changes in SAV.
We recommend that éeast 3050NAR or videdransectssystematically selecteat 10m
intervals from a random starting position along one of the baselines following the method of
Fewster (2011)are needed at thgatchiest sites investigated here to detect a 10% change with
high probability (statistical power)Tlhe SONAR method has distihadvantages that inclad
lower dataacquisition and analysis cog®44 h per transect9 h per sitejhan videgthe usea
computeralgorithmcalled ECOSAMo rapidly process thechosoundedatg generation of
output to GlSready filesalong with geereferenced bathymetry, plant height and plant cover
datg surveyrepeatabilityover short time period®(g.,seasonal surveygahd calibration of the
equipment to international standards.
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Drawbacks of the SONAR method include the high equipment acquisadgig an
average o¥7% accuracy when compared with vidétere are both falspositives and false
negatives)and the ned for some operator traininy/ideo imagery was usdd determine the
accuracy of the SONAR method, which can underestimate the SAV area when it is sparse in
distribution and plants are short (< 6 cm or 2.4 inch&hp advantages ofideographymethod
includes its high precision, ability to detect plants in sparse areas that are short, and the ability to
identify SAV species, but itequiresmuchhigher cost¢o acquire underwater video imagery
along a transect and process the ¢at h per transect,19 h per sitephan SONAR The
videographymethodtaken along transecis not practical for surveyintpe large number of
sentinel siteshatwe recommendhouldbe done each 5 years in tARBES. Both boatbased
methods do not provide adequate coveragery shallow water > 0.7 m (2.3 ft), so tlaatcraft
based photographiemote sensinghould be used in broad areas of shallow water, like behind
the NC barrier islands (Outer Banks). The Hueded SONAR method works very well for
reconnaissance ihe lowsalinity areas, where the SAV distribution is poorly known, and along
the deep edge of the higlalinity regions.We conducted a Rapid Assessment reconnaissance
survey to estimate SAV patch sizes at nine additional sites in thsdlinity regins of
Albemarle Sound, Pamlico and Neuse Rivéreese regions hawehat has been termed
Ai nvisi ble grasso, because the SAV is present
due to the high light attenuation in the turbid waters found there.

Based on the data in this report, we present a SAV sentinel site survey protocol that
combines SONARxnd video approachWe simulated a sentinel site protosarvey along
transectsaken with both methods at the Newport River in 208%alyzedhe SONAR datawith
cokrigingof depth and SAV covethenmadea comparisomf the cokriging surfaceith video
camera drops at randomly selected points to determine accuracy. We tested this\pitbtocol
different numbers of video pointstie Newport Riveusing our already collected data and
Monte-Carlo simulations. We achieved 70% accuracy detecting SAVsaitipling efforts
greater thari00 video camera drops, but this protocol needs further testing witheleé\aata.

We have begusucha protocol valdationstudy, surveyng within a 1500 m x 900 m sentinel site
usingourrecommended protocol, as part of a remote sensing survey of SAV in Currituck Sound
(funded by APNEP).These combineBONAR and videdoatbased methods are recommended

to be used anultiple sentinel sites distributed throughout the APES reginrg Syear rotation

within stratawith the number of and specific location of these sites to be determined B¢ the
SAV partners groupNew SONAR technologies (single beam, ssdan, muitbeam) are being
developed marketed; their cesffectiveness and accuracy should be investigated in future
CRFL-funded studies.
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Annual Budget Expenditures
Summary of Expenditures for ECU Tasks (9/15/20@931/2012)

Account Pool Budget Expenditues (Budget Balanc

Salaries total 86,541.0( 82,470.3¢ 4,070.6¢
Benefits Budget Pool 10,167.0( 5,641.7¢ 4,525.2¢
Supplies Budget Pool 4,345.0( 14,576.9° -10,231.9°
EquipmentBudget Pool 10,530.0( 5,851.42 4,67858
Contractual ServicelBool 15,931.0( 1,630.87 14,300.1¢
Travel Budget Pool 7,140.0( 5,154.67 1,985.3¢
Current Services Pool 1,020.0¢ 571.94 448.0¢
Other Fixed Charges Pool 0.00 442.5C -442.5C
Indirect Overhead Cost 14,216.0( 12,952.4: 1,263.5

149,890.0C  129,302.9 20,597.1(

Budget Deviations

Salaries were not fully expended because funding arrived too late for the doctoral student
Cedlia Krahforst tobe paid in Fall semester 2011. She was paid from other ECU accounts, and
performed the APNEP/CRFL project work.

The supplies line was over spent because our boat costs were applied there, whereas the
money for boat rentals was requested under contrasgoadtes. This overage in supplies was
offset by money in the contractual services line.

The equipment budget has an excess because the requested heading, pitch, and roll sensor
for the 420 kHz transducer and DTX echosounder system was not instaBeaSwopics, Inc., at
the recommendation of the technicians at BioSonics, who stated that it would not aid in getting
more accurate data.

We had planned for simultaneous SONAR, video and remote sensing sampling to test the
proposed protocols for sentirgte SAV surveys during the second year of this project. These
various sampling methods were to be done at the same time in the Spring (high salinity) or Fall
(low salinity) at a sentinel siteDue to weatherelated delays (Hurricane Irene in Fall 20add
Tropical Storm Alberto in Spring 2012), the lack of water clarity at the survey sites, and thus the
ability of remote sensing aircraft to acquire acceptable imagery, this exercise had to be
postponed. We are attempting to cooperate with APNEP torgudish this task now (Fall
2012). This postponement resulted in excess money in the contractual services and travel budget
lines.
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The DTX system was sent to BioSonics to be calibrated prior to the start of the surveys,
and this resulted in a fixed s&®s charge (Fétk ground shipping).
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Appendix 1. Preparing video files for classification

Add the following fields to video transect shapefiles collected in the field. Make sure names and
types are EXACTLY as written:
1. Field name: DMLat type: text,  field properties length: 20

this field will contain the decimal minuteslues for Latitudel see follow on section for
classifying Decimal minutes

2. Field name: DMLong  type: text, field properties length: 20
this field will contain the decimal minutes values for Longitude

3. Field name: transect  type: text, field properties length: 10

This field represents the corresponding transect (as labeled in the video) that is being
classifedi such as ewl, nsl10é to automatically fil!/
select calculate values, in box provided enterseat name surrounded by double quotes. e.g.
Aewlo

4. Field name: site type: text, field properties length: 10
the site at which this datafile was collected.
to fill this field with all the same label: right click on the field name, go to calculate
values, in the box provided write the appropriate site code in double quotes:
newport river = Anpro

5. Field name: sav  type: short integer,  precision: O
This is the field used while classifying video the codes are as follows:
999 = unclassifie

0 = no SAV

1 = SAV (anythe default value for this field is O,

2 = uninterpretable (i .e. sandstorm on vid
When this field is created, its default is

with a dummy code thabtcn not be confused w/a fino SAVO code
header, go to calculate values, in the bottom box write in 999, hit ok, all values in this field are
now reassigned as 999.

To begin classifying video:

Cue up the video for the start pointtbé appropriate transect. Once the camera goes in the

water and the bottom is visible, pause the video. Find the corresponding time code (minutes only
T hours may differ from datafile due to UTC offset ~5hrs?) in the datafile, ensure that the GPS
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position (DMLat and DMLong) are nearly identical to those displayed on the video screen.

Often there is a second delay or more in stamping the video, identify what this time delay is and
periodically throughout the datafile ensure you are classifying the cpasition (the time is
simplyaguidéi t i s actually the place on the bottom

Classify every third second of video, using the codes provided: 0, 1, or 2
SAV is classified as present if any plant material is viearethe screen. if it is obviously a free

drifting leaf, classify as absent but otherwiseassume a leaf observed on the screen is attached
to adjacent bottorn so classify as SAV present ( code = 1).
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Appendix 2. Converting decimal degree to degree decimal minutes

The Horita unit used to stamp GPS location and time to the collected video records position in
degree minutes and seconds (DMS). To ensure that the time stamp on the video and time stamp
on the shapefile are indé@an exact match, we need to also compare positions. By adding a
latitude and longitude field to the shapefile that displays position as DMS position can also be
compared between the two files.

To convert DD to DMSdllow the steps below:

1. Add the tabled ArcMap.

Right-click on the Table in the Table of Contents and select Open.

3. Verify 'Edit' mode is not enabled. Click the Options button and select Add Riakl.
step and the following may already be donthé procedure fromppendix 4was
already ompleted. If so, skip to step 5.

Enter DMLat in the Name field and select Text from the Type -diapn list.
Change the length to 20.

Right-click on the DMLat field and select Calculate Values.

Click Yes, if presented with a message box.

Check the Adanced check box.

Paste the following code into the expression box:

N

© o No A

Dim DDField

Dim zM1 As Double

Dim Suffix As String

Dim DMS As String

Dim zY As Double

Dim zD As Double, zM As Double, zS As Double
Dim Dchr As String, Mchr As String, Schr As String

Dim D egree As String, Minute As String, Second As String

'Adjust the variables below
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10.

11.

DDField = [Latitude] 'Change to field with decimal degree values

Dchr = Chr(1) 'Character after degrees

Mchr = Chr(39) 'Chara  cter after minutes

Schr = Chr(34) 'Character after seconds

zY = DDField

If zY >=0 Then

Suffix = "N" 'N if Latitude, E if Longitude

Else

Suffix ="S" 'S if Latitude, W if Longitude

End If
zY = Abs(zY)
zD = Int(zY)

Degree = CStr(zD)

zM = FormatNumber(((zY - zD) * 60),4)

zM1 = Int(zM)

Minute = CStr(zM)

'zS = FormatNumber(((zM - zM1) * 60), 2)

zS1 = Int(zS)

Second = CStr(zS)'

DMS = Degree & Dchr & Minute & Mchr & Suffix
Change the value within the brackets next to 'DDField =" to the field in the table that
contains the latitude decimal degree values. To change the characters after degrees

minutes and seconds edit the value after 'Dchr =', 'Mchr =', and 'Schr =' respective
Paste the following code into the 'DM Lat =" box at the bottom of the dialog box.
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12.
13.

DMS

Click OK to run the Field Calculator.

Repeat steps 3 through 12 for the longitude values, but change the values within the
code where Suffix = "N" to Suffix = "E" a nd where Suffix = "S" to Suffix = "W". Also,
change the value next to 'DDField =' to the field in the table that contains the longitude
decimal degree values.
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Appendix 3. EcCoSAV2 Algorithm

1. Depth increments are the lowessolution depth units that are used by the ECOSAV2
software. This is similar conceptually to an
the amount of time between readings taken by the echosounder and based on the speed of sound
in the salinityand temperature conditions at a site (these data are obtained fromtzelthN&I

water quality meter and entered by the operator in Visual Acquisition before data collection).
Typically, this depth increment is 1.65 ¢ni1.83 cm for speed of sound ramg between 1400

m/s to 1520 m/s.

2. The bottom echo and bottom depth is determined by finding the greatest rise in voltage
squared (¥) in the echo envelope.

3. Next, the trailing edge of the bottom echo (whetéalls away from the bottom peak battk

the noise threshold) is examined to see if the difference in depth between the sharpest rise and
trailing edge exceeds six depth increments (bottom depth threshold; six is the ECOSAV2 default).

If not, the sharpest rise in®i6 considered the bottodepth. If the trailing edge is more than six

depth increments, then the sharpest rise’iis Yonsidered the SAV canopy height and the

bottom depth is placed at the trailing edge (six depth increments or more below the sharpest

rise). Thisdistancefromh ar pest rise to trailing is the #fb

4. The plant height detection threshold established by the user is added to the bottom echo depth
(default setting for this parameter T4 is four depth increments or 6.4 cm to 7.32 cm depending on
the sound speed). We altered this setting to two depth increments (3.2 to 3.7 cm) for all analyses
reported here. ECoSAV2 will only detect a plant if the height of the plant above the bottom
exceeds this threshold.

5. If the ping being analyzed is takeorh a depth below theusdre f i ned @A Max Pl ant
that ping wil/ not be used in computations; i
EcoSAV2 default is for max plant depth is 6 m depth.

6. The ping must not be in the near field (acoafiigcthis is 0.0 0.4 m from the face of the
transducer) . These nea-+ofwaiteelrd pirn gisn omay kpd nd
excluded from computations. They are recorded in the output file in a separate data field.

7. A noise thresholdr{ V?) must also be exceeded within the depth above the plant height

detection threshold to the near field to have a SAV positive patgdB is the default noise
threshold; this threshold has been established based on empirical tests done on a garagje of a
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plant species and scenarios (see BioSonics ECOSAV2 manual, Haffragr2002; Sabokt al.,
2002).

8. The ping satisfying the criteria above (not too deep, not out of water, not too noisy, below the

near field depth and above the bottomedhs) decl|l ared either APl anto
are characterized by the ukmaiet zone (¥is very low, default is <130 dB, within four depth

increments of the bottom echo), which shows up as a white region just above the bottom on the
echogram(Figurel?2) . Pings may al so be decl ared fAbarebo
is not exceeded (four depth increments), or if the bottom is not thick (bottom thickness is less

than 12 depth increments).

9. A P | aarethipsepassing through the above filters: (not too deep, not out of water, not

too noisy, below the near field depth and abo
Thus, to be an SAV ping, the ecdxeeedfaheightoft he pu
four depth increments (default value {§ @m). In addition, the ping must have a thick bottom.

Very short SAV plants (less than this plant detection threshold) can cfalse aegativethat

is, the ping wi heh,inlfaet, vide® camera exidence suggested thawvshort

SAV was present. We sometimesargalyzed the SONAR data with ECOSAV2 plant height

detection threshold parameters set to one depth incremerit. 8lcén), two depth increments

(3.27 3.6), or threalepth increments (4185.4). Setting this parameter to lower than the default

plant detection threshold was an attempt to detect very short plants at some sites. Also, a ping
can be declared fAplanto if the tep 6above)toche f r om
declared bottom depth (step 3 above) is greater than the plant height threshold (4 depth

increments) and the bottom echo is thick (greater than 12 depth increments, the default setting)

or the plant f eat urthanfousdegihtintrencekts). Mugdly sedintents s gr e
can sometimes cause a positive SAV classification by having a thick bottom. We sometimes re
analyzed the data using an increased the bottom thickness parameter T2, setting it to between 13

to 15 depth incremes, but only at sites in the Rapid Assessment study (14 depth increments at

TR, 15 at BY, 13 at NR, 13 at RC, and13 at PR site) when muddy bottoms occurred (based on

video camera evidence) to prevéaise positivegmuddy bottoms with no SAV being decldre

Apl ant 0) .
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Appendix 4. Specifications for remote image acquisition for SAV
classification in NC

Imagery Collection Parameters

When obtaining any type of remotely sensed imagery for the purpose of mapping submerged
habitds, it is recommended that all attempts are made to meet the environmental parameters
outlined in Ferguson et al. (1993), Dobson et al. (1995jnkbeiner et al. (2001):

1) turbidity T should be as low as possible. Rain events and potential runafti die
monitored within the acquisition window.

2) tide stagd should be within 2 hours of the lowest tide as predicted by the NOAA
National Ocean Service tide table.

3) wind and surface wavés0 to 5 mph is best, 5 to 10 mph is usually acceptable if
whitecaps are not prevalent.

4) sun anglé betweer20 and 3 degrees; and

5) clouds and haZzk obviously no clouds or haze is best, maximum amount of cloud
cover recommended is 5 percent (but even small amounts of clouds and their associated
shadowsan obscure habitat).

6) seasori with habitats such as seagrass, acquisition of imagery must be coordinated
with times of maximum biomass.
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Appendix 5. Selecting systematic random transects with GIS

1. Decide what directiorransects will be run. Remember, transects will bisect the pattern
of grass which generally means transects will be perpendicular to shore.

2. Measure width of sample area, this is distance of box where your transects will start (or
end)i for example 304 m

3. Divide this width by the number of transects you want toi rior ex. 36

4. This value is the width of the sections, where a transect will fall. So here, transects will
be 8.4m apart.

5. Pick a random number between 0 and 8.4, this is the 'random staritdigtor example
5.9, which means the first transect start point is placed 5.9m into the first 8.4m
sectioné.then every point after this is 8.
section)).

6. Create a graphic line running across the start areaunfsgmple area that has a length of
the width of the sample area ni58ms t he 6r a
298.1m). Create the graphic line by drawing a line using the draw tool in ArcMap, Then
place the graphic line with the end of the linéha&t end of the start area of your box.

Make a second graphic line in this file that runs across the opposite end of the box.

7. Select both graphic lines and covert them to polylines by using XTools Rrature
conversiong Convert graphics to featur@y default the output will be projected in the
same projection as the map document, so0 ma
NAD 1983 UTM zone 18).For NC UTM zone is 18N. After creating the polylines, delete
the graphic lines.

8. Convert both polylinesota series of points the distance you calculated that transects will
be spread apart (here 8.4 m apado this using XTools Prb Feature conversioris
convert features to pointspecify the width of the random sections (ex.8.4m) under
OEqui disatamd) . po

9. Double check that points at "start" and "end" of transects overlay properly on the random
start and that all tran points are indeed the appropriate distance apart (here 8.4m) by using
the measuring tool in ArcMap. Additionally, in the Attributebile check to make sure
there are the proper number of waypoints (In this example it would be 72).

10.Create a few new fields that will help label points:

a. TranNumbi short integei precision O

b. 071 texti 10 digits

c. Sidei texti 10 digits

d. Wptnamei texti 10 digits

11. Start editing file in 11 abové need to populate the 3 extra fields created

a. TranNumbi this is the transect numbiso if you are making 36 transects, the
file should have FID from-G1. Highlight first 36 rows and rt. Click "tran numb"
select Field Calculator in box at bottom type [FID]+1 and select OK. This
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should fill the tran numb field with-36. Highlight the second 36 rows and go
into Field Calculator again and type [FIDB5 and select OK. This will fill the
second 36 rows in thEranNumb field with 136 as well.

b.0iThis field is used to add a fA00 before
digits instead of one, so for example transect 1 will become 01. Doing this allows
transects 1 through 9 to follow chronologically on the GRBwith the other 36
transects. In the Attribute Table select the first 9 rows for each side of the
transects, go into Field Calculator n t he box type A00 and s
rows of each side of the transects will now be two digits.

c. Sidel select first 36/ determine if the is the start or end side of transeyt
under field calculator again and equation here should read side = "end" or "start".
| have been designating the start side is further from shore w/the end side nearest
shore. Buthis is not critical to standardize.

d. Wptname this is the waypoint name you would download in the Gir&field
calculator this one reads wptName = [0] & TranNumb]&[sitehe result should
be a combination of the above fields so a wpt name for gdarb§transect one
is: Olstart

e. Follow same methods for opposite side of transects. But equation for TranNumb
is FID-36 (or whatever makes sense to make it start at 1).

f. Make sure Olstart is directly across from Olend. You can easily check this by
activatingthe wptname field as a label.

12.Add x, y coordinates to this fileusing XTools Pro- Table operationg add X,Y,Z
coordinates . add X and Y coords, specify output projection to be NAD83. This will
make it easier to download to GPS. Alternativety) ganuse a program called
ExpertGPS to transfer the ArcMap waypoint shapefilehandheld Garmin GPS units.
Expert GPS uses the projection of the shapefile not the coordinates defined in the
Attribute table to project the waypoints in the GPS.

13. Make apolyline shapefile w/UTM coordinate systénadd to project and connect the
transect start & end points. This file will have 36 transects (or whatever you made), and
can be used for guiding boat drivers or visualizing the site.

14.1n this line file, make field tranNumb and using field calculator fill it in so each tran is
numbered36 and make sure transect 1 connects
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Appendix 6. Selecting random quadrat locations

1. Determine the separatialistance between poiritsf you want five points and your
transects are 300 m long, then 300/5 = 60 m between points.

2. Using a random number generaitaelect random numbers between 0 and 60 (or your
calculation in step one). You will need as many cemchumbers as you have transécts
here we'd need 36. Make sure each number is generated from a p&@liobOselected
with replacement.

3. Select all transects (from shapefile in 15 above), ustogls Pro, extract points from
lines, extract to a newlé and separate points a regular interval = 60m (or distance
defined in step 1). Instead of overwriting ID field, give it a new name e.g. ID2. This
point file will eventually become the file that has all the random quadrat samples, so
name it somethingccordingly.

4. Now select transect 1 from the line file. Go to Xtools Pextract points from liné and
extract a point every 1 meter. You will use this point file to help guide you in proper
placement of the quadrat points. Turn on the labels & el feeld to be the FID # (or a
continuous # from {800, where 0 is at the start of your transects)

5. Clear all selections

6. Select all points from 1m points (step 4), make sure they are overlaid on target transect
(say transect 1), where point O is on traafistIf they need to be moved use Editor to
adjust placement.

7. Clear all selections.

8. Activate editor for file created in step 3, select the points associated with target transect
(say tranl). Move the point closest to start to the random distance sééegtelt) as
identified by the 1m point file. Each of the remaining 4 points should be shifted along
with this one and will be separated by the distance calculated in step 1 (e.g. 64 m, 128 m,
192¢é. )

9. Clear all selections & save edits

10.Begin at step 6 ancbntinue working this way through all transects. Remember to select
all the points you want to move. Clearing selection between each step ensures that you
don't shift points you didn't intend to move.

11 When youb6re through wor &ditimggsavd edisspnandeaddcxhy t r an
coordinates to this filé using Xtools Pre Table operations add X,Y,Z coordinates.
add X and Y cords, specify output projection to be NAD83. This will make it easier to
download to GPS.
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Appendix 7. Creating a Cokriging Surface Map from SONAR Reports

Creating a Cokriging Surface of the SAV Bed

1. Once the SONAR reports are imported into ArcGIS 9.3, open the attribute table and add a
column called SAV.

2. In the editor toolbox, convertl af the SONAR Cover (%) data into binary data
(presence/absence) by adding 1s and Os to the SAV column. If the SONAR Cover column has
SAV, the SAV column will have a 1, if not, it will have a O.

3. Save and stop edits to the SONAR report data file.

4. In Geostatistical Analyst, open Geostatistical Wizard.

5. From the lefhanded column, select cokriging.

6 . For data set 1, select the SONAR report da
7. For data set 2, selectomdae( iISONARdeetplo) ta g at

8. When there are points in the data file with the same spatial relationship, use the maximum
SAV value to create the cokriging model.

9. Do not change any of the parameters on step 1 of 4. The default modelistegirface
without transformation.

10. On step 2 of 4, the default settings are as follows:
1: Spherical model
2:Lagsize =12 m
3: Anisotropy is off
4: Partial sill, major range, lag size, and nugget size are determined by the model and it is
not advisable to adjust these individually.

11. On step 3 of 4, the default settings are as follows:
1: Nearest neighbors =5
2: Neighbors to include in the model is set as at least 2
3: The sector type has four choices. The default parameters avetame either or
. Select the one that medbsely represents the transect direction.
4: The ellipse model is the default model for this method. Leave this selected.

12. On step 4 or 4, the succe$she model is represented. Here, the predicted errors are
reported. This consists of the following parameters: meanymeatisquare, average standard
error, mean standardized, and romtansquare standardized. An ideal kriging model has the
following parameter values:
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1: Mean=0

2: Rootmeansquare = 0

3: Average standard error = 0

4: Mean standardized = 0

5: Rootmeansquare standardized =1

13. To identify the best cokriging model, a process of switching between steps 2 and 4 is
required.

A. First, use the default model parameters and record the predicted error values on step 4
for future comparisons.
B. Next, select an exponential model (step 2) from the model menu. Leave all other
parameters as default and note the predicted error values.
D. Compare models A and B, based on their predicted error values. Choose the one
model that mostlosely represents an ideal cokriging model (#12). For the data collected
in this paper, the be$t model was mosbften an exponential model.

Other modetypes were initially explored but spherical and exponential models

were found to produce the best cokriging surface.
E. Next, turnron anisotropy (step 2) with the model chosen in step D and record the
predicted error values for the model.
F. Compardghe models from steps D and E and choose the one thatepossents the
ideal parameters (#12). For the data collected in this paper, this was typically a model
with anisotropy.
G. Next, explore the effect of lag size of the model. Choose the lathatzaroduces the
best model. For the data is this paper, models were explored that contained lag size
values between 7 and 30 m.
H. Last, explore how the number of nearest neighbors influences the model. Choose the
number of neighbors that produchs best model. For the data in this paper, nearest
neighbors between 2 and 30 were explored.

14. Once the begtossible cokriging surface is determined, produce the surface map.

15. Explore the standard error of the cokriging surface.
A. Right-click on the prediction map produced in step 14. Select the option to "create
prediction standard error map."
B. This will create a new cokriging surface but this time of the standard errors associated
with the cekriging surface. This will allow you to t&rmine the level of confidence in
the cokriging surface.
C. The standard error is calculated using the following equation:

Z(s) = (9 +Us) + (o), .

wherel(s) is measurement error ap(s)  a B) dre thle(mean and random variation.
For more information on measurement error, see the section on "Understanding
measurement error” in the ArcGIS 9.3 desktop help manual.

16. Convert tt8 surface into a filled contours map by right clicking on the cokriging surface,
selecting data, and exporting it to a vector. Before the conversion is final, the program asks if a
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Afilled contouro or Acont our aroptiorrfrbratbesdrop s de s
down menu.

17. The produced surface will extend past the study site box. Since we are only interested in the
region within the study site (i.e. the area that SONAR reports were collected), clip the filled

contour surfacetothesstd y si te box, wusing the Aclipo tool
18. The produced cokriging surface will now show areas where SAV is present and absent within
the specified study region but it will contain values between 0 and 1 at intervals of 0.1. Create a
new column in the attribute table called SAV.

19. Repeat steps 2 and 3 with the cokriging surface.
20. Next, dissolve the | ayers by the ASAVO pa
Adi ssol veodo tool i n the dat eeamokrigiagserfacethat t ool bo
contains only 2 categories:SAV Present and-38AV Absent.

21. From this point, area and other parameters can be calculated to assess how the bed changes
over time.

Creating a Kriging Surface of Depth

1. In Geostatisticahnalyst, open Geostatistical Wizard.
2. From the lefhanded column, select kriging.
3. For the data set, select the SONAR report

4. When there are points in the data file with the same spalatibnship, use theean depth
value to create the kriging model

5. Follow steps 9 16 above.
A. Except this time try using spherical (default), circular, and exponential models. Other
modeltypes were explored but these three model types prodoeeddst ideal surfaces.

6. The produced kriging surface will now show the depth profile within the specified study
region.
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Appendix 8. Depth Kriging and SAV Cokriging Models from the SONAR
Acoustic Reports

Newport River

At NPR, SAV was dominant in the SW corner of the study Eiigufe48) during both
Jun. (2009) and May (2010). Quadrat surveys confirmed the existence of the bed in this region
in May (2010). This area waconsistently dominated by shallow watédsl(. 5 nfrigaree e p |,
49). By Jun. 2010, the structure of the bed had changed. The cokriging surface suggests that
there is a thin area of SAV on the southern portion of the study site and a larger region toward
the north Figure48). While the quadrat data suggests that there is some SAV throughout the
site, it is generally in low abundance (<10%), with the majority in the SW corner of the study
site. One of the limitatizss of the SONAR system is depth. During the Jun. 2010 sampling
event, over 90% of the site wamsa water depth <1.0 m. Thus, the depth may have limited the
detections of SAV. Also, detections by the SONAR are not as successful when the plants were
relaively sparse and spread out. The quadrats do indicate that this is the case in the SW region
of the study site. By Aug. and Sep. (2010), both the quadrats and the SONAR indicate that the
bed is basically gone, except for some small patches of SAV.
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Figure48. The data collected at the NPR SAV bed (Jun. 2009 and-18ap. 2010).The
SONAR transects are represented by circles with both-pdsitive (purple) and SAViegative
(white) acoustic reports. The cokriging surfaesults show the interpolation of the acoustic
report data as SAYositive (green) polygons and SA\égative (cream) polygon®iver
survey quadrat locations are indicated in squares. Quadrats without SAV are black, quad
with SAV have proportionallyncreasing orange squares.

146






























