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Executive Summary
Little information currently exists on small vessel traffic because while larger vessels are required to
carry automatic identification systems (AIS), most small vessel are not. This makes smaller vessels
harder to track and obtain information on. In this study, two methods were explored to collect vessel
traffic information in the Salish Sea for all vessels regardless of whether or not they are transmitting AIS.
The first method is based on opportunistic aerial surveys carried out by the National Aerial Surveillance
Program (NASP) in some areas of the Salish Sea. The AIS receiver and sensors onboard the NASP aircraft
are able to collect both AIS information and video with positional information of target objects such as
vessels. The results from the aerial surveys show that 70% of vessels travelling through the surveyed
area do not transmit AIS. The majority of non-AIS vessels are classified as recreational vessels, which are
typically small and not required to carry AIS. Small commercials vessels, such as some tug boats and
fishing vessels, also makeup a portion of the non-AIS vessel class. The predominant vessel class in the
study area is recreational vessels (both as AIS and Non-AIS vessels), particularly during the summer
months, which highlights the importance of tourism and recreational activities (e.g., sports fishing) in
the region.
The second method involved the analysis of high-resolution optical imagery data from Google Earth Pro.
The goal was to explore the effectiveness of optical imagery for collecting and classifying vessel traffic
information in the Salish Sea. Six times more vessels were counted in images collected in summer than
in winter. The number of recreational vessels counted from images collected during summer is four
times higher than commercial or unidentified vessels. Although the proportion of AIS and non-AIS
vessels was not analyzed, it is expected most small recreational vessels detected in the images do not
carry AIS.
We conclude that both these methods can provide information on small vessel traffic in the Salish Sea
but each has strengths and weaknesses. Therefore, an integration of multiple methods may be required
for a complete understanding of small vessel traffic in the area, particularly for large and remote areas.
Additionally, we believe that relying solely on AIS to model vessel traffic in the Salish Sea considerably
minimise the intensity of small vessel traffic which could have implications on modelling analyses that
currently rely exclusively on AIS vessel traffic data (e.g., vessel density and underwater noise levels).
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1. Introduction
There are a number of stressors associated with vessel traffic on marine ecosystems and wildlife
including noise, oil pollution, ship-strikes, invasive species, gear entanglements, fisheries bycatch and
other disturbances (Robards et al., 2016). Understanding the spatial distribution and intensity of vessel
traffic is key to understanding the exposure and impacts from vessel-based stressors on marine species.
As such, many studies employ marine traffic data collected using Automatic Identification Systems (AIS)
onboard vessels (Robards et al., 2016). However, international and national regulations make AIS
carriage mandatory only to large vessels and vessels carrying more than 12 passengers1, although many
smaller vessels opt to have AIS (often Class-B transmitters2) for safety reasons (Robards et al., 2016).
Still, AIS omits many small vessels (e.g., near shore fishing vessels and recreational vessels).
Furthermore, there is currently a major gap in documenting small vessel traffic patterns, particularly for
recreational vessels (Ban and Alder, 2008; Gray et al., 2011, Simard et al., 2017). Without a complete
picture of vessel traffic distribution and intensity in an area, including that of small vessels, any
assessment of vessel-associated impacts that relies only on AIS is inherently flawed, and impacts
underestimated (Erbe, et al., 2012; Merchant et al., 2014).
There are a number of methods and technologies available for collecting vessel traffic information
independently from AIS, including aerial surveys, satellite imagery, coastal radar stations, passive and
active acoustics, and human observers. Advantages and limitation of these methods were explored
during a workshop organized at the University of Victoria by the Coastal and Ocean Resource Analysis
Group (Serra-Sogas et al., 2017).
In this study we explore the use of aerial surveys and satellite imagery for collecting vessel traffic
information, including small vessels, in the Salish Sea. The Salish Sea (Figure 1) is an area recognized for
its ecological importance to the endangered Southern Resident Killer Whale (SRKW) population with
portions of it defined as critical habitat (Ford et al., 2017). The main objectives of this study were to: (1)
describe the distribution and composition of vessel traffic using vessel sightings from optical imagery
1

In Canada, Transport Canada’s Safety and Security Regulations (RDIMS No. 12268956) dictate that AIS is only required on
“ships on international voyage of 150 tonnes or more that are carrying more than 12 passengers, and every ship, other than
fishing vessels, of 300 tons or more. Also, every ship, other than fishing vessels, of 500 tons or more that is not engaged on an
international voyage shall be fitted with AIS”. Regulation last accessed on November 31, 2017, from
https://www.tc.gc.ca/eng/marinesafety/bulletins-2016-10-eng.htm
2

Class B AIS transmitters are lower in cost but they offer more limited operability compared to Class A AIS transmitters
(Robards et al., 2016)
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collected during aerial surveys and high-resolution optical imagery available in Google Earth; (2)
determine the proportion and composition of AIS and non-AIS vessels; and (3) to evaluate and compare
the advantages and disadvantages of these methods for collecting vessel traffic information.

Figure 1. Extent of the Salish Sea and SRKW critical habitat in Canadian and USA waters.
This report is organized as follows: Section 2 reviews previous work collecting spatial data on small
vessel traffic in the Salish Sea; Section 3 focuses on methods and results of estimating vessel traffic from
aerial surveys; Section 4 focuses on methods and results of estimating vessel traffic from satellite
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imagery; Section 5 compares the two methodologies; and Section 6 presents recommendations based
on the results of this study.

2. Background: Previous vessel traffic studies in the Salish Sea
Previous studies have included analysis of vessel traffic spatial patterns in the Salish Sea. Three studies
used aerial surveys and in-person questionnaires to capture spatial information on recreational boating
in particular (Dismukes et al., 2010; Gray et al., 2011; Simard et al., 2017). A fourth study presents data
on general vessel traffic patterns for different vessel types, including recreational vessels, based on AIS
and was used for cumulative underwater noise modelling (O’Neill et al., 2017).
In 2006 and 2010, aerial surveys were carried out in the Salish Sea around San Juan Islands, Washington,
USA, to provide information to County managers on boating usage throughout the entire archipelago,
and in particular along the west coast of San Juan Island where a proposal of vessel ‘No-Go Zone’ was
being evaluated and aimed at protecting SRKW (Dismukes et al., 2010). This study was able to collect
information on nine different types of vessels including their activity (e.g., fishing or whale watching)
and their status (e.g., moored or underway). This study also included an evaluation of the effectiveness
of collecting vessel information from land-based observers. It was concluded that aerial surveys were
less expensive and more reliable and repeatable than using observers posted at different locations along
the coast because of the clustered and variable nature of the boating traffic in the area.
Gray et al. (2011) interviewed over 500 recreational boaters at various anchorages and marinas within
the Southern Gulf Islands during which boaters plotted the route of their trip on a map. A compilation of
these maps revealed frequently used waterways particularly to and from popular destinations such as
Ganges and Montague Harbours (Figure 2). This method had a high response rate, captured entire
vessel routes and was linked to extensive attributes (e.g., vessel type, size, and flag) from the associated
questionnaire. However, its limitations included some bias towards interview sites, issues of respondent
accuracy when drawing the route, and relative high effort.
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Figure 2. Vessel route density and destination hotspots in the southern Gulf Islands (figure extracted
from Gray et al., 2011)
A national research study was conducted to assess the relative risk of recreational boating as a vector
for non-indigenous species (or NIS) in Canadian marine ecoregions (Simard et al., 2017). Questionnaires
were completed by marina managers and boaters to gather information on marina characteristics and
to evaluate boating movement patterns and maintenance history. Study results showed that Puget
Trough/Georgia Basin ecoregion on the Pacific coast has by far the highest level of annual recreational
traffic compared to other Canadian ecoregions, and the region with the highest risk score of invasion
from NIS (Figure 3). This information contributed to better understand NIS pathways and vectors in
Canada, as well as implications for targeted monitoring and management of recreational boating. It also
concluded that more work is needed on tracking recreational boats to evaluate common routes for
implementing targeted mitigation measures.
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Figure 3. Total number of destinations visited by transient boats per boat type in Pacific ecoregions. The
size of pie charts is relative to the estimated number of visitors in each ecoregion (figure extracted from
Simard et al., 2017)
Marine vessel traffic for the Salish Sea was analyzed as part of the Noise Exposure to the Marine
Environment from Ships (NEMES) project at the University of Victoria to model the cumulative
underwater noise in the area (O’Neill et al., 2017). AIS data on vessel positions for different vessel types
were acquired from satellite AIS provided by exactEarth3. Figure 4 reveals distribution and intensity of
different vessel classes, including recreational boats that carry AIS, during the month of July 2015. Large
commercial vessels such as cargo, tanker and ferries all are required to carry AIS based on International
Maritime Organization (IMO) and Canadian regulations, and hence are usually well represented in the
satellite AIS. Recreational vessels are the least well represented AIS vessel class as many recreational
vessels do not carry AIS. Although a large number of recreational vessels do transmit AIS, particularly
within the Gulf Islands and San Juan Islands during the summer peak season, it remains unclear what
proportion of the actual recreational vessel traffic is represented with AIS data.

3

exactEarth is a Canadian company providing satellite AIS data services to the global maritime marked (for more information
visit www.exactearth.com).
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Figure 4. Vessel traffic depicting different vessel classes: cargo vessels (A); tanker vessels (B); ferries (C);
fishing vessels (D); tug boats (E) and recreational vessels (F), based on satellite AIS data for July 2015.
(Adapted from Figure 11 in O’Neill et al., (2017). Original data source exactEarth®).
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3. Vessel traffic data estimation from aerial surveys
3.1 Literature review
Aerial surveys have been used to monitor and manage small vessel traffic since the early 1970s (James
et al., 1971). While initial surveys used film-cameras (James et al., 1971; Deull and Lillesand, 1982),
current technology involves the use of digital cameras that produce very high-resolution imagery
allowing for the collection of very detailed information on vessel types, speed and activities they are
engaged in (Dismukes et al., 2010; Smallwood et al., 2012). The use of these cameras coupled with
Global Positioning System (GPS) technology has also allowed the collection of more accurate vessel
positional information using flight path information (Ault et al., 2008; Dismukes et al., 2010; Smallwood
et al., 2012).
The benefits of using aerial surveys for small vessel monitoring compared with other methods, such as
land-based surveys, is that aerial surveys can collect accurate and precise vessel data at a lower cost
particularly over relatively large coastal areas and areas with limited access (Deull and Lillesand, 1982;
Dismukes et al., 2010). However, vessel detection during aerial surveys can be largely affected by
weather conditions and light conditions (Pollock et al., 1994; Volstad et al., 2006).
Aerial surveys are typically planned and executed in a systematic manner, and have been used to
estimate animal abundance in coastal environments (e.g., Nichols et al., 2016), as well as human
activities such as small scale coastal fisheries (e.g., Breen et al., 2014). However, recent studies also
collected data opportunistically on fishing vessels of less than 10 m to estimate fisheries effort in coastal
waters during enforcement flights (Breen et al., 2015; Turner et al., 2015).
Biases can be introduced in both opportunistic and systematic aerial surveys but can be avoided or
minimized with carefully planning surveys and/or during data treatment and analysis. During
opportunistic surveys in particular, bias are introduced by the uneven distribution of effort, which can
be driven by enforcement priorities, for example (Turner et al., 2015). In these situations, sightings data
must be corrected by surveillance effort (Breen et al., 2015). In this study, we used methods based on
distance sampling to first estimate the area effectively searched for vessels from the aircraft and then
used this measure to correct vessel sightings per unit of effort or SPUE.
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3.2 Material and Methods
3.2.1 National Aerial Surveillance Program (NASP) data and data capturing methodology
Vessel traffic surveys were requested by NEMES and were conducted by the National Aerial Surveillance
Program4 (NASP) from August 13, 2015 to December 12, 2017 (total 74 flights), using a De Havilland DHC
-8-102 Dash-8 aircraft at an average speed of 150 knots (278 km/h), and an altitude 1000 ft (305 m).
The NASP program, operated by Transport Canada, is the principal surveillance mechanism for
monitoring and enforcing ship compliance with international pollution regulations in Canadian waters
(Serra-Sogas et al., 2008). Pollution patrol flights are typically planned ad-doc before the start of the
mission based on daily weather conditions and pollution enforcement and deterrence requirements for
the region. Vessel traffic surveys followed planned pollution patrol transects and did not deviate in
response to variation in vessel distributions during the survey.
The Dash-8 is equipped with the MSS6000 system, a multi-sensor aerial-surveillance system developed
by the ST Airborne Systems5. Information from the surveillance system is integrated and visualized into a
console controlled by one of the NASP crew members (Figure 5).

Figure 5. Maritime surveillance system (MSS 6000) console (image source N. Serra)

5

http://airbornesystems.se/
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During aerial surveys, data collection started at the discretion of NASP’s crew members. Usually the
surveys were conducted at the beginning of their planned route, shortly after take-off from Vancouver
International Airport, or at the end of the pollution patrol mission. Surveys lasted an average of 8.5
minutes (SD = 3), with an average length of 54 km (SD = 25 km).
At the start of each survey the crew member sitting by the monitoring console initiates the video and
controls and redirects cameras based on vessel detections from the pilots in the cockpit (Figure 6).

Figure 6. View from NASP aircraft cockpit (image source N. Serra)
The console displays the location of the aircraft and the location of AIS transmitting vessels (Figure 7).
The console operator uses this information to determine if the vessel initially sighted by the pilots is an
AIS transmitting vessel or not.
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Figure 7. Display of one of console windows showing the location of the aircraft (red plane symbol), its
trajectory, and AIS vessels (blue triangles and unique identifiers).
At the end of the survey the console operator turns off the video and completes the survey form (Figure
8). This form included information on the survey date, mission unique identifier, start and end times of
the survey, estimate wind speed, estimated swath covered, estimate percent coverage and notes from
console controller. In addition to this form, we also received the following files for each survey:
-

Flight track file (.xml);

-

Video (or images);

-

Screen capture of console map with AIS vessel and identifiers; and

-

MSS Object PDF file, which is a list of targets detected by the MSS6000 system during the flight,
including AIS targets.
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Figure 8. Example of the form completed by NASP crew after each vessel traffic survey, and included with
survey files provided to analyst.
In the following sections, we explain the steps and methods used to estimate surveillance effort and
map non-AIS and AIS vessel data. Figure 9 depicts a flowchart of the steps carried out in the analysis. GIS
analyses were conducted in ESRI ArcMap 10.5. Flight path data were extracted using different scripts
15

written in Python. All GIS outputs were saved as Shapefiles and projected in NAD 1983 BC
Environmental Albers with the Geographic Coordinate System GCS North American 1983. A description
of the final GIS outputs in included in Table 17 in Appendix B.

Figure 9. NASP data analysis flowchart.
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3.2.2 Estimation of aerial survey effort
A total of 78 flights were conducted between August 2015 and December 2017. Four of the 78 flights
have missing files so we were not able to use them in the analyses. Hence only 74 flights were used in
the analyses.
Flightpath data were provided as XML files which were converted to polyline Shapefiles in ArcMap©
(ESRI). The start and end locations of the survey were used to select the portion of the flightpath
representing the survey.
The opportunistic nature of the vessel sightings data collection resulted in a heterogeneous distribution
of survey effort across the study area, likely a bias introduced by the pattern of the survey coverage (or
“effort”). Hence it is important to quantify sighting effort to correct sighting frequencies for differences
in effort (Pittman et al., 2006; Serra-Sogas et al., 2008; Breen et al., 2015).
To determine the area effectively surveyed by NASP aerial surveys when searching for non-AIS vessels
(i.e., quantify the sighting effort) we used the same approach described in Nichol et al. (2017), which
uses conventional distance sampling (CDS) methods (Buckland et al., 2001). First, we divided the study
area in four sub-regions (Figure 10) to facilitate model fitting (described below) and to account for
distinctive geographic differences likely to affect detection rates (e.g., relative narrow passages versus
wider straits). These sub-regions are: (1) Boundary Pass and Haro Strait, (2) Gulf Islands, (3) Strait of
Georgia and (4) Juan de Fuca Strait. Flight paths could be assigned to one or more sub-regions
depending on where they were located spatially.
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Figure 10. Extent of the study area divided into four sub-regions: Strait of Georgia, Gulf Islands, Boundary
Pass and Haro Strait, and Juan de Fuca Strait. Total area 11,297 km2
We estimated perpendicular distance6 from every non-AIS vessel sighting (see Section 3.2.3 for
information on how sighting data was extracted) to the aircraft flight path in ArcMap, then used this
perpendicular distance to fit the detection function. Detection functions were fitted using the R package
‘Distance’ (Miller, 2014). Data exploratory methods were used before model fitting to identify any
distance outliers. See Appendix A.1 Exploratory analysis.
In Appendix A.2 Detection functions and results, we present the results of fitting different distance
detection functions (Uniform, Half-normal, and Hazard-rate with and without cosine adjustments;
Buckland et al., 2001, Thomas et al., 2002) for each of the sub-regions. Model selection was based on
the lowest Akaike’s Information Criterion (AIC) value (Buckland et al., 2001). The goodness-of-fit test of
detection functions was evaluated by visually examining quantile-quantile plots and performing the
Cramer-von Misses Test (Buckland et al., 2015).

6

Perpendicular distances from non-AIS vessel sightings to the flight track were calculated using the
Nearest ArcTool in ArcMap 10.5
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The results from selected detection functions for each sub-region were used to calculate the Effective
Side Width (ESW or 𝜇 ). ESW is a measure of how far non-AIS vessels are seen from the transect line, and
hence how much area is effectively searched (Buckland et al., 2015; Nichol et al., 2017).
The ESW (𝜇 ) was calculated the using the formula:
𝜇 = 𝑃𝑎 ∗ 𝑤
where 𝑃𝑎 is the probability that a randomly chosen non-AIS vessel within the surveyed sub-region is
detected, and 𝑤 is the right-hand truncation distance of the detection function (if specified) or
maximum distance of a detection (Thomas et al., 2002). The size of the effort buffer was then calculated
using two times the ESW (Nichol et al., 2017). Results for each sub-region are summarized in Table 1.
Table 1. Analysis summary for detection function models applied to the flight transects for each subregion.

ESW used

Effort Buffer

(m)

(2*ESW)(m)

Sub-region

Key Function

𝑷^𝒂

Boundary
Pass/Haro
Strait

Uniform with
cosine
adjustment

0.52

7,727

4,700

5,000

10,000

Gulf Islands

Hazard-rate

0.91

5,866

1,109

1,100

2,200

Strait of
Georgia

Half-normal

0.47

10,870

5,313

5,400

10,800

Juan de Fuca
Strait

Half-normal
with cosine
adjustment
term of order 1
with truncation

0.82

10,000

7,308

7,400

14,800

𝒘 (m)

ESW (m)

19

Finally, we used the 6.25 km2 grid cells, or 2.5 km by 2.5 km cells, to calculate the aggregate area
surveyed and number of flights per cell by summing the total area (m2) of overlapping effort buffers
(Figure 11). Grids with different cell sizes were tested and this cell size was chosen because it best
represents spatial patterns of vessel sightings at the scale of this study. In addition to total survey effort
values, we also estimated aggregated effort values for summer and winter.

Figure 11. Fishnet or grid layer of 6.25 km2 cells (2.5 by 2.5 km).
Total survey area per cell (and summer/winter summaries) was then normalized by dividing each grid
cell by the maximum grid cell value. This normalization generated an effort index (EI) value ranging from
0 to 1 (Rechsteiner et al., 2013).
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3.2.3 Extracting non-AIS vessel information
We obtained video captures (still images) and video footage collected during survey flights between
August 13, 2015, and December 12, 2017 (total 74 flights).
The following information was able to be extracted from video images for each non-AIS vessel sighting:
date and time, aircraft coordinates, aircraft heading, aircraft altitude, terrain elevation, target bearing,
slant range, and target coordinates (Figure 12).

Figure 12. Still image acquired from video capture from MSS 6000 system, and information available.
The video analyst also extracted information on vessel class, estimated size, estimated speed and
activity. Vessels were classified as commercial vessels, sailboats, recreational motorboats, and
unidentified. Vessels were classified as ‘unidentified’ when a clear distinction of vessel class was not
possible, either due to sun glare or distance between the target and the aircraft. Sightings of paddle
crafts (e.g., kayaks, canoes) were not included in this analysis.
Sailboats were clearly identified based on the presence of a mast and sails (as in Figure 12). The
presence of gear on deck and hull type were used to differentiate between commercial and recreational
motorboats. Winches, cranes, and traps amongst other features are mostly found on commercial
vessels. Additionally, the hull design of commercial vessels are made from industrial materials and
designed for usable space rather than comfort (Figure 13, left). Recreational motorboats have less
industrial hulls, are designed for aesthetics and comfort, and often tow or carry smaller tender boats
(Figure 13, right).
21

Figure 13. Non-AIS vessel class classified as commercial motorboats (left), and non-AIS vessel classified as
recreational motorboat (right).
Vessel activity was classified as motoring, sailing, fishing (if fishing gear was in the water) or stationary
(Figure 14). No data were collected on vessels that were moored and anchored.

Figure 14. Non-AIS vessel activity classified as fishing (left), and non-AIS vessels classified as stationary
(right).
To estimate the vessel length, the analyst use features such as window size, lifeline/railing size, and
people (if present). Vessel speed was approximated using the size and displacement of the vessel in the
water as well as wake and wash size.
Because all videos and images were processed by the same analyst, with years of boating experience,
any introduced inaccuracies or bias in estimated values were assumed to be consistent.
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3.2.4 Extracting AIS vessel information
To extract AIS vessel locations and information, images (.jpeg) of operator’s console map (Figure 7) were
georeferenced7 in ArcMap. Only AIS vessels found within the boundaries of estimated effort buffers (see
Section 3.2.2) were digitized and extracted as AIS vessel points.
Each AIS vessel’s unique object ID was matched with the Object ID in the MSS Object list report (e.g, 188
in Figure 15) to acquire metadata on each vessel including: the MMSI8 number, vessel class, length and
flag. In certain cases when only the MMSI number was available (often for AIS Class–B vessels), we
completed vessel information by querying the database available in Marine Traffic
(www.marinetraffic.com). Vessel speeds on the Object ID List were not used as these speeds were based
on the last AIS message received by the aircraft which was captured after the completion of the vessel
surveys.

Figure 15. Example of AIS target recorded in the MSS Object List. Highlighted is the information collected
for each AIS vessel included in the study.
For this analysis, AIS vessels were aggregated into the following classes: commercial vessels (including
cargo vessels, tankers, fishing vessel, tug boats, passenger vessels), recreational motorboats, sailboats
and other motorboats (e.g., military vessels).

7
8

Process of assigning real-world coordinates to each pixel of an image.
MMSI stands for Marine Mobile Service Identifier
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3.2.5 Estimation of Sightings per Unit Effort (SPUE)
Total vessel counts for non-AIS vessels and AIS vessels were calculated per 6.25 km2 cell grid (Figure 11).
Combined vessel counts (non-AIS vessels and AIS vessels) were also divided into summer (May to
September) and winter (October to April) months; and into vessel classes (i.e., commercial9,
recreational10 and miscellaneous11).
The relative abundance index defined as Sightings per Unit Effort (SPUE) for each cell was calculated
based on:
SPUE = S/EI
where S is the number of vessel sightings, and EI corresponds to the Effort Index calculated previously
(Section 2.2.2). EI values of less than 0.01 were discarded to remove inflated values of relative
abundance in areas with very little aerial survey effort.

3.3 Results
3.3.1 General description of vessel traffic in the Salish Sea
The number of AIS Vessels, non-AIS Vessels, and NASP Flights was variable over the duration of the
study (Figure 16). The average number of flights per month was approximately 3 (SD=1.8), with a total of
74 flights. Generally, the number of non-AIS vessels surpassed the number of AIS vessels particularly
during the summer months, except for January, November and December in 2016, and March in 2017.
In 2015, survey flights were conducted only in August and November, and no survey flights took place in
July of 2016, and November of 2017.

9

Commercial vessels: cargo vessel, tankers, fishing vessels, passenger vessels, and tugboats
Recreational vessels: sailboats and pleasure crafts/motorboats
11 Miscellaneous: military vessels, search and rescue, research vessel, and unidentified vessels
10
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Figure 16. Number of non-AIS vessels and AIS vessels and number of flights from August 2015 to
December 2017 for the entire study area.
Despite the lower number of survey flights during the summer months, substantially more vessels were
sighted during the summer months (497) compared to winter months (320; Table 2). This result is not
surprising given that during summer months weather conditions are more favorable for recreational
activities.
Table 2. Number of flights, number of non-AIS vessels and AIS vessels included in analysis for summer,
winter, and in total.

Summer (Apr – Sep)

Winter (Oct – Mar)

Total

Number of flights

34

40

74

Number of non-AIS vessels

399

176

575

Number of AIS vessels

130

109

239

Total number of vessels

529

285

814
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Overall, non-AIS vessels were sighted 2.4 times more often than AIS vessels in this study (Table 3). The
majority of non-AIS vessels were classified as recreational vessels (428 or 74% of total non-AIS vessels).
Recreational vessels are typically small and not required to carry AIS. Recreational vessels also account
for 60% of the total vessel traffic sighted, which corresponds with previous study estimates that identify
parts of the Salish Sea as the busiest areas for recreational boating activities in Canada (Gray et al., 2011,
Simard et al., 2017).
The number of commercial vessels with and without AIS are more comparable, with only a few more
(12% more) vessels carrying AIS than not. Non-AIS commercial vessels are small vessels (less than 150
tonnes) that are not required to carry AIS by international and national regulations. Tug boats and
fishing vessels made up 90% of the non-AIS commercial vessel class.
Table 3. Commercial and recreational vessel counts for AIS and non-AIS vessels in the study area.

Vessel type

AIS

Non-AIS

Total

Commercial vessels1

163

127

290

Recreational vessels2

63

428

491

Miscellaneous3

13

20

33

Total

239

575

814

1

Commercial vessels are: tanker, cargo, tug boats, fishing boats, and passenger vessels
Recreational vessels include sailboats and motorboats engaged in recreational activities.
3
Miscellaneous vessels include military vessels, search and rescue, research vessel and unidentified vessels (only
for non-AIS category).
2

3.3.2 Vessel traffic description based on vessel speed and size
Vessel size data were collected for both non-AIS and AIS vessels. For non-AIS vessels, 18% of sighted
vessels were estimated to be between 10 - 18ft (3 – 5.5m) in length, 67% between 20 – 40ft (6 – 12m),
and 14% between 45 – 250ft (14 – 76m). The majority of recreational vessels (sailboats and motorboats)
are between 20 and 40ft in length, which corresponds with the most common vessel length observed.
Vessel length was estimated on all but two non-AIS vessel sightings due to poor visibility.
For AIS vessels, overall length was extracted from the MSS Object List or by consulting the vessel
database on MarineTraffic.com (2017). The length of the majority of AIS vessels (60%) was greater than
40ft (12m). Commercial vessels had an average overall length of 377ft (SD = 314) or 115m (SD = 96m),
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while smaller vessels which fell into the recreational vessel category had an average length of 52ft (SD =
30ft) or 16m (SD = 9.4m).
Only for non-AIS vessel sightings we were able to collect information on vessel speeds. Although AIS
data includes information on vessel speeds (or vessel speed over ground; Robards et al., 2016), AIS
vessel speeds at the time of detection were not available from the operator’s console (see Section
3.2.4).
The majority of vessels were travelling less than 10 knots (63%), which indicates that vessels were
travelling at displacement speeds12. Fewer vessels (20%) were travelling between 10-20 knots, which is
transitioning into planning speed13. Only 5% of the vessels were moving at speeds equal or greater than
20 knots, or planning speeds. Finally, about 10% of non-AIS vessel sightings were of stationary vessels.
Almost all detected sailboats (98%) were travelling less than 10 knots, typical speeds for this vessel class.
About half of the recreational motorboats (53%) were travelling less than 10 knots, followed by 26% of
vessels travelling at speeds between 10-20 knots, and only 20% travelling at speeds greater than 20
knots. Vessel speeds among commercials vessels were split in half, with 50% of vessels travelling less
than 10 knots and the other 50% travelling at speeds greater than 10 knots.

3.3.3 AIS Vessel traffic description based on country flag
Finally, correlating the MMSI numbers with MarineTraffic.com (2018) database we were able to collect
information on the nationality of AIS vessels detected during NASP surveys (Table 4). We see more
vessels registered under Canadian flag than from any other country.
Unexpectedly, there are more recreational vessels registered under the US flag (37 vessels) than
recreational vessels registered in Canada (20 vessels). The greater amount of US flags compared to
Canadian flags in the recreational vessels could be due to a higher number of large recreational vessels
(more likely carrying AIS) based in the United States.
Also, it is interesting to highlight that for recreational vessels, there are more motorboats carrying AIS
(~70% more) than sailboats independent of the country of registration. Finally, there are a higher

12

Hull speed or displacement speed is "the speed at which the wavelength of the boat's bow wave (in displacement mode) is
equal to the boat length" (Wikipedia, 2018. Retrieved March 26, 2018 from https://en.wikipedia.org/wiki/Hull_speed)
13

Planing is "the mode of operation for a waterborne craft in which its weight is predominantly supported by hydrodynamic lift,
rather than hydrostatic lift" (Wikipedia, 2017. Retrieved March 26, 2018 from https://en.wikipedia.org/wiki/Planing_(boat))

27

number of commercial vessels found under "Other flag" than recreational vessels likely representing the
variety of countries that ocean-going transportation vessels register in.
Table 4. Composition of vessel type and country within study area (only for AIS vessels).

CAN Flag

US Flag

Others
countries

Commercial vessels1

84

23

69

Recreational vessels2

20
(14 motorboats; 6 sailboats)

37
(28 motorboats; 9 sailboats)

5

104

60

74

Vessel type

Total
1
2

Commercial vessels are: tanker, cargo, tug boats, fishing boats, and passenger vessels
Recreational vessels include sailboats and motorboats engaged in recreational activities.

3.3.4 Relative vessel abundance maps
Figure 17 shows the extent and intensity of NASP effort when surveys were carried out for non-AIS
vessels over the entire study period. More than 80% of the study area was surveyed by NASP flights
since late 2015 to the end of 2017 with varying degrees of intensity. The areas with the highest effort
intensity (EI between 0.75 and 1; or number of flights between 11 and 15) are found along the shores of
the Sunshine Coast, along Boundary Pass and the north section of Haro Strait, nearshore around Sooke,
and within Juan de Fuca Strait. The mean surveillance effort index across the study area is 0.24 (SD =
0.21).
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Figure 17. Normalized aerial surveillance effort or Effort Index (IE). NASP effort index represents the sum
of areas from overlapping effort buffers (one per flight and sub-region) per cells and normalized to
values from 0 to 1. Total 74 flights between August 2015 and December 2017.
Figure 18 shows the distribution of SPUE values for recreational vessels (both AIS and non-AIS vessels) in
the study area, with a mean value of 8.7 (SD=10.7). The highest SPUE values in Gulf Islands sub-region
are found between Galiano Island and Salt Spring Island. In the Boundary Pass/Haro Strait sub-region,
SPUE hotspots are found between South Pender and Sidney Islands and off the north-east side of San
Juan Island. These areas correspond to important corridors linking popular recreational boating
destinations within the Southern Gulf Islands (Gray et al., 2011). Also relatively high SPUE values for
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recreational vessel are found throughout the north half of the Strait of Georgia sub-region. Finally, two
hotspots are found within the Strait of Juan de Fuca, one near Sooke and another near Port Renfrew.
These are likely driven by the presence of recreational fishing vessels in the area and local recreational
boating based in these communities.

Figure 18. Relative abundance of recreational vessels (both AIS and non-AIS vessels), or Sightings per
units effort (SPUE).
Compared to the number of recreational vessels, fewer commercial vessels (both AIS and non-AIS) were
detected (SPUE average value 7.9, SD=10.8) with the same degree of effort. Commercials vessels were
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detected mostly away from shore and across all sub-regions (Figure 19). These observations correspond
to commercial traffic patterns that can be depicted when mapping satellite AIS data (see Figure 4).

Figure 19. Relative abundance of commercial vessels, or Sightings per unit effort (SPUE).
Relative abundances maps for non-AIS vessels and AIS (Figure 20) vessels mirror very closely described
patterns for recreational vessels (Figure 18) and commercial vessels (Figure 19), respectively. The
average SPUE value for non-AIS vessels is 9.3 (SD = 11.5), while for AIS vessels the average is 7.3 (SD =
10.9).
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Figure 20. Relative vessel abundance for non-AIS vessels (left) and AIS vessels (right).
Despite the lower number of flights conducted in the summer versus the winter months (Table 2), we
observed a comparable mean surveillance effort index in summer (0.26, SD = 0.2) and in winter (0.21, SD
= 0.2) across the entire study area. During summer, surveillance flights concentrated along the Sunshine
Coast and the shore north of Nanaimo in the Strait of Georgia, and within Boundary Pass (left, Figure
21). During winter, flights concentrated primarily along the center of Juan de Fuca Strait, and just south
of Saturna Island in Boundary Pass (right, Figure 21).
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Figure 21. NASP surveillance Effort Index during summer months (left) and winter months (right).
Summer estimates of Effort Index (left) and Sightings Density of Unit Effort (right) of non-AIS and AIS
vessels combined.
During summer months, mean SPUE is 7.6 (SD = 12.5) vessel sightings per grid cell, while for winter
months is 10.1 (SD = 11.6) vessel sightings per grid cell. The spatial distribution of vessels during the
summer months (left, Figure 22) is very similar to the described distribution of recreational vessels
(Figure 18) with the only noticeable difference in the northern section of Strait of Georgia where there is
a higher number of vessels. During the winter months, vessel patterns (right, Figure 22) are more
associated with commercial vessel patterns seen in Figure 19, which is expected since these are the
most common types of vessel that operate all year around.
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Figure 22. Relative vessel abundance during the summer months (left) and winter months (right).
Estimates include AIS and non-AIS vessels combined.

3.3.5 Vessel traffic per sub-regions
Table 5 provides summary statistics of both AIS and non-AIS vessels sighted during the NASP surveys,
the number of NASP flights and the area surveyed for each of the study sub-region.
The Strait of Georgia, the largest of the sub-regions in terms of area (5,984 km2), had the highest
number of flights (42) and the highest number of sightings (380), 74% of which are non-AIS vessels and
26% AIS vessels.
The Gulfs Islands sub-region had the second highest vessel count with 171 sightings, despite being the
smallest (750 km2) and receiving the lowest number of flights (only 10% of total flights). In this subregion, 71% of the vessels sighted by NASP were non-AIS while 27% of vessel sightings were AIS. These
statistics speak to the type of vessel traffic characteristics around the Gulf Islands, which is dominated
by smaller recreational vessels not required to carry AIS. This area also represents the highest detection
rate (17 vessels detected per flight). This is likely due to the constrained nature of the region, with many
narrow passages where vessel traffic tends to concentrate and are, therefore, easier to detect from the
aircraft.
Comparatively, Boundary Pass/Haro Strait and Juan de Fuca Strait sub-regions have similar proportions
of non-AIS and AIS vessels, with non-AIS/AIS ratios closer to 2:1.
34

Table 5. Summary table of sub-region area, number of surveillance flights, vessel types (AIS and non-AIS),
and ratio AIS/non-AIS for each sub-region.

1

Total
number
of
sighting
s (AIS &
nonAIS)

Vessel
count
per
number
of flight

Number of
non-AIS
vessels (%
from total
sightings in
sub-region)

Number
of AIS
vessels (%
from
total
sightings
in subregion)

Ratio
non-AIS
vs AIS
vessels

Subregion

Subregion
area
(km2)

Numbe
r of
flights

Area
Surveyed1
(% of subregion
area)

Gulf
Islands

750

10

78%

171

17.1

122 (71%)

49 (27%)

2.5

Boundary
Pass/Haro
Strait

888

17

90%

122

7.2

76(62%)

46 (32%)

1.7

Juan de
Fuca
Strait

3,675

22

87%

141

6.4

95(67%)

46 (33%)

2.1

Strait of
Georgia

5,984

42

83%

380

9.0

282 (74%)

98 (26%)

2.9

TOTAL

11,297

91

85%

814

8

239 (29%)

2.4

575 (71%)

Area visited by at least one flight

Figure 23 provides more detailed information about the type of vessel classes found in each of the subregions that do not carry AIS. For all sub-regions, except for the Gulf Island sub-region, recreational
motorboats made up a majority of vessel traffic without AIS. The Juan de Fuca Strait sub-region had the
greatest percentage of recreational motorboats (75%). This is likely due to it being a popular sport
fishing location. The Gulf Islands had a very close proportion of sailboats and motorboats, indicating its
popularity as a sailing destination. Boundary Pass/Haro Strait and Strait of Georgia had very similar nonAIS vessel compositions with approximately half of traffic being composed of recreational motorboats
and nearly identical sailboat, commercial motorboat, other motorboats and unidentified vessel
percentages making up the remaining half.
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Figure 23. Composition of non-AIS vessels by sub-region. Code legend: UnID = Unidentified
Figure 24 shows the proportion of AIS vessel classes for each sub-region. Juan de Fuca Strait has the
greatest portion of commercial motorboats (91%). Most of these vessels are passing through this region
to access the ports of Victoria and Vancouver in British Columbia, as well as Seattle and Tacoma in
Washington State.
Recreational vessels (recreational motorboats and sailboats) are the predominant AIS vessel type in
Boundary Pass/Haro Strait, contributing 56% of the vessel traffic in this sub-region. The fact that
commercial motorboats do not contribute more to the vessel traffic in this area (only 39%) is
unexpected since this sub-region is one of the main waterways for large commercial traffic (and hence
AIS mandatory vessels) travelling to and from the ports in Vancouver and Richmond, BC.
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The dominant vessel types that carry AIS in Gulf Islands sub-region are commercial motorboats (with
38%). This is driven by the presence of BC Ferries traffic between Swartz Bay and Tsawwassen terminals.
In the Strait of Georgia sub-region, 70% of the AIS vessel traffic is commercial motorboats. Tugs are the
main contributors of commercial vessel traffic in this sub-region (63%), the highest of any sub-region.
This could be attributed to the number of log booms in this area as well as tug traffic going to and
coming from Johnstone Strait.

Figure 24. Composition of AIS vessels by sub-region.
AIS and non-AIS vessels are aggregated into three general vessel classes (recreational vessels,
commercial vessels and miscellaneous vessels); the proportion of each vessel class in each sub-region is
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represented in Figure 25. Recreational vessels outnumber commercial vessels in all sub-regions, which
corresponds to early estimates (Table 3) that indicated twice the number of recreational vessels
compared to commercial vessels. The Boundary Pass/Haro Strait sub-region contains the higher
proportion of recreational vessels (66% of the total vessel traffic in the area), while the Juan de Fuca
Strait sub-region has the higher proportion of commercial vessel traffic (40% of the total vessel traffic in
the area) compared with any other sub-region.

Figure 25. For each sub-region combined proportion of vessels (AIS and non-AIS) per vessel class:
commercial (tug boats, cargo, tankers, fishing vessel, and passenger vessels), recreational vessels
(motorboats, sailboats) and miscellaneous (military vessels, search and rescue, research vessel and
unidentified vessels (only for non-AIS category)).
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3.3.6 Vessel traffic in relation to SRKW critical habitat
Table 6 summarizes the number of flights, and number of AIS and non-AIS vessels inside SRKW critical
habitat in the Salish Sea (Canada and US) and in Canadian waters only. More than 50% of the NASP
flights visited SRKW critical habitat (in Canadian and US waters). Within Canada’s SRKW critical habitat,
non-AIS vessels outnumbered the number of AIS vessels. When we add the US portion of the SRKW
critical habitat, the overall number of vessels (AIS and non-AIS) increases by 20%, particularly due to the
higher number of AIS vessel counts in US waters.
Table 6. Number of flights, AIS vessels and non-AIS vessels observed inside SRKW critical habitat in just
Canadian and in US and Canadian waters.

Number of
flights (% of
total flights)

Number of AIS
vessels (% of
total AIS vessels
in all flights)

Number of nonAIS vessels (% of
total non-AIS
vessels in all
flights)

Total number of
vessels (% from
total sightings in
all flights)

Number of
sightings
per flight

Inside
SRKWCAN

40 (54%)

62 (26%)

148 (26%)

210 (26%)

5.3

Inside
SRKWCAN&US

40 (54%)

110 (46%)

199 (35%)

309 (38%)

7.7

Vessel traffic was analyzed for Canadian SRKW critical habitat, using non-AIS and AIS vessel classes and
combined using the three general classes recreational, commercial and miscellaneous (Figure 26). The
dominant non-AIS vessel class in this area is recreational motorboat making up 59% of the non-AIS
vessel traffic. On the contrary, commercial motorboats represented 71% of AIS vessels within the
Canadian SRKW critical habitat. When both are combined (AIS and non-AIS), recreational vessels
accounted for 49% of the vessel traffic within the Canadian SRKW critical habitat, followed by
commercial vessels with 33%.
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Figure 26. Composition of non-AIS vessels (left), AIS vessels (right), and total vessels (AIS and non-AIS
vessels, bottom) within the Canadian SRKW critical habitat.
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4. Vessel traffic data estimation from satellite imagery
4.1 Literature review
4.1.1 Using remote sensing imagery for vessel detection and monitoring
Remote sensing imagery plays a very important role in a number of applications in the maritime domain,
including vessel traffic monitoring, fisheries management and marine safety and security (Greidanus,
2005, Greidanus and Kourti, 2006; Corbane et al., 2008). Here, we provide a brief overview of two
satellite-borne sensors, Synthetic Aperture Radar (SAR) and optical imagery, and their applicability for
vessel detection and maritime surveillance.
Since imagery from satellite-borne SAR sensors became available in the early 1980, it became evident
the potential of using SAR images for ship detection and vessel monitoring (Eldhuset, 1996; Crisp, 2004).
The main advantages of SAR data for vessel detection is the ability to observe large marine areas
independently of the cloud coverage or the time of the day (Crisp, 2004). There are also many factors
that affect the detectability of a ship using SAR imagery including vessel size (particularly in inland
waters; Zhang et al., 2006), material (wooden and fibreglass vessels are difficult to detect in SAR
imagery; Corbane et al., 2008), shape and speed. Image resolution, number of revisits (time between
two consecutive images over the same area), incidence angle and polarisation of the SAR sensor also
influence the probability that a vessel is detected. Finally, environmental factors such as wind and waves
can also play a role in the likelihood of vessel detection (Greidanus, 2005).
Despite these limitations, great advances on vessel detection and automated detection algorithms have
taken place during recent years. Recent evaluations of different detection methods on different SAR
imagery data reported vessel detection rates as high as 90% (Stasolla et al., 2016), but only for large
vessels (Lehner et al., 2014). The low resolution of SAR images (typically between 5x5 m and 26.8x24.7
m) coupled with motion distortion hinders the effective classification of vessel classes (Greidanus, 2005;
Stasolla et al., 2016). Even newer high resolution SAR sensors (e.g., COSMO-SkyMep resolution 3 m, and
TerraSAR-X resolution 1 m in Spotlight mode) are challenged to accurately detecting small vessels
(Lehner et al., 2014) or classifying vessels less than 130 m long (Jiang et al., 2012). An additional tradeoff of using high resolution SAR imagery is the decrease of swath width and hence the possibility to
monitor vast marine areas (Greidanus, 2005).
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Although SAR imagery is the leading space-born technology for marine monitoring, a recent review
highlights the growing potential of optical imagery (Kanjir et al., 2018). One clear advantage of optical
satellite-borne sensors is the high image resolution (e.g., from 5 m resolution for SPOT 5 to 30 cm for
WoldView-4 from Digital Globe), which allows the detection of any vessels independently of their size or
material, as well as their classification (Greidanus, 2005). However, optical sensors are affected by light
conditions and cloud coverage restricting both spatially and temporally the amount of data available for
vessel detection (Corbane et al., 2008; Corbane et al., 2010; Johansson, 2011). Also, the swath width of
these images is much smaller than SAR, limiting optical imagery to small scale applications. Finally,
automatic detection algorithms for optimal imagery are not as developed as for SAR images (Greidanus,
2005), although promising progress has taken place in the recent years (Zhu et al., 2010; Yang et al.,
2014).

4.1.2 Extracting vessel information using Google Earth imagery
Google Earth imagery (© 2017 Google Inc.) has been used in a number of applications, both marine and
terrestrial. For example, in the analysis of changes in landuse (Malarvizhi et al., 2016) and coastal
ecosystems (Cann and Jago, 2018), fisheries management (Al-Abdulrazzak and Pauly, 2013) and
aquaculture site assessments (Trujillo et al., 2012). In recent years, more studies have emerged related
specifically to the use of high-resolution Google Earth imagery for marine vessel monitoring and
surveillance. These studies focus on the development of techniques and algorithms to automatically
detect and classify vessels in coastal environments (Johansson, 2011; Liu et al., 2017; Kanjir et al., 2018;
Yang et al., 2018).
Using Google Earth to access high-resolution imagery has many advantages. Not only is it freely
available, but it also provides very recent imagery (as early as 2017 for many parts of the Salish Sea) at a
spatial resolution of less than 1 m. It also has the advantage of accessing imagery from different time
periods, which is very useful to monitor changes over time (Malarvizhi et al., 2016) or for increasing the
sample size (as used in this study). Because the images are georeferenced it is possible to extract the
position of any object (e.g., vessels) detected in the image. The main limitation of Google Earth is that
high-resolution imagery is not consistent across large areas, being more of a mosaic of images from
different dates and in varying resolutions. Also, Google Earth imagery can have low positional accuracy
depending on the resolution and quality of the images, which can be a challenge if the information
extracted is used for validation analysis (Yu and Gong, 2012; Kanjir et al., 2018).
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4.2 Material and methods
4.2.1 Acquisition of vessel data
Satellite imagery available in Google Earth Pro (© 2017 Google Inc.) was analyzed to obtain vessel traffic
information in the Salish Sea. Google Earth’s historical images tool was used to identify sharp images
with the highest resolution and greatest extent within the study area. Based on these criteria, two
images were selected representing the summer season (date of images July 28, 2016 and August 18,
2016), and another two for the winter season (date of images November 29, 2014 and December 30,
2015). The extent of these images is similar in terms of area covered and geographic location, covering
primarily part of Southern Gulf Islands, Boundary Pass and Haro Strait, the west coast of Saanich
Peninsula, and as far west as Jordan River. Analyzed imagery data was limited in the east by the
boundary between Canada and US.
For each image date, a border was created on Google Earth Pro to demarcate the area for which the
vessels were counted and categorized. The imagery date and source were available at the bottom of
Google Earth map window (Figure 27).
Placemarks were placed on identified vessels on Google Earth images (yellow marker on Figure 27).
Vessel location (i.e., latitude and longitude) was given at the time of placing a New Placemark (see white
pop-up window on Figure 27), which then was recorded on a separate Microsoft Excel file.
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Figure 27. Screenshot of Google Earth Pro. The yellow marker is a vessel with a unique identifier. Latitude
and longitude for each point were given when adding a New Placemark (highlighted with a red square).
Also available: the imagery date (August 18, 2016) and source (TerraMetrics) at the bottom of Google
Earth map.
Additional information was recorded for each vessel point including: the imagery date and source, vessel
type-I, vessel type-II, vessel type-III, and any additional notes made by the analyst. The three different
vessel types represent different levels of classification in (Table 7). Vessel type-I distinguishes among
sailboats, motorboats and unidentified vessels. This was the easiest classification level and was possible
even when the vessel image was not clear. The shape and wake size were used to distinguish between
sailboats and motorboats. Sailboats have more of an elongated body, with a pronounced v-shaped bow
and narrow stern, and tend to have a small wake (see B and E in Figure 28). Motorboats have a wider
body and stern and tend to have a large wake (see A, C, and D in Figure 28). Unidentified (UnID) class
was given to vessels without clear distinction between sailboats and motorboats.
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Table 7. Vessel classification for vessels identified in Google Earth Pro imagery.

Vessel Type I Vessel Type II
Motorboat
Recreational
Sailboat
Commercial
UnID

B

A

Vessel Type III
Ferry
Fishing Vessel
Freight
Motorboat Commercial UnID
Motorboat UnID
Navy Vessel
Recreational Motorboat
Sailboat
TankerTug
UnID
Whale Watching vessel

C

E

D

Figure 28. Examples of vessel types extracted from Google Earth imagery dated from August 18th, 2016.
Motorboat commercial (A), Sailboat (B and E), whale watching vessel (D), commercial vessels or ferry (C).
Vessel type-II distinguishes the vessels based on their purpose, either as recreational or commercial
vessels (Table 7). This classification was easily applied to large commercial vessels (e.g., ferries, tankers
or freighters), but it was more difficult for smaller vessels (e.g., whale watching or fishing vessels)
especially when the image quality was low.
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Vessel type-III provides a more detailed classification of the vessel classes observed in Google Earth Pro
(see Table 7). This level of classification was more difficult and only achievable when the imagery was
clear enough. The three different types of ‘UnID’ reflects how detailed the image is and at what extent
the vessel can be classified. For example, ‘UnID’ vessels are identified vessels that could not be
classified further as sailboat or motorboat. ‘Motorboat UnID’ are motorboats engaged in unclear
activities (i.e., commercial or recreational). ‘Motorboat Commercial UnID’ are commercial motorboats
but the type of commercial vessel is unknown (i.e., ferry, tanker or a freighter).
To get a more complete picture of the amount of vessels within the study area, non-moving vessels (i.e.,
anchored or moored) were also counted and recorded in a separate Excel spreadsheet. Due to time
constraints, only a single date, July 28, 2016, was selected to be analyzed. This date was chosen because
it had the greatest high-resolution imagery extent on Google Earth Pro, and was one of the time periods
with most vessel traffic. Individual Placemarks were created for each vessel moored and docked (blue
Placemarks in Figure 29) to a maximum of three vessels per dock. The same vessel classification
described in Table 7 was applied to moored or docked vessels.
Large to medium sized marinas (i.e., with more than three docked vessels) were symbolized by a single
Placemark (red Placemark in Figure 29). Then vessel counts were attributed to the corresponding
Placemark ID in the Excel spreadsheet. For each marina the following attributes were extracted:
latitude, longitude, number of motorboats, number of sailboats, number of UnID vessels, number of
house boats, total number of vessels, name of marina, imagery date, imagery source and notes.
Unidentified vessel class was used when verifications were not possible despite the use of other imagery
data. Commercial docks (e.g., ferry docks at Swartz Bay) and other commercial harbours were not
included in the analysis.
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Figure 29. Google Earth Pro imagery with Placemarks indicating the location of moored vessels (light
blue Placemarks) and marinas (red Placemarks).

4.2.2 Spatial analysis of vessel traffic from satellite imagery
An Excel spreadsheet with vessel data collected using Google Earth Pro was imported into ArcGIS 10.5
from ESRI® and converted to point data files. Image boundaries were saved as KML files and imported
into ArcGIS 10.5 where they were converted into polygon data files, one for each imagery date analyzed.
Data collected from images representing the summer season (July 28, 2016, and August 18, 2016) were
combined to have a larger sample to analyze. The same was done for images representing the winter
season (November 24, 2014 and December 20, 2015). Only the vessel locations found within the
overlapping area between two images from the same season was kept for further analysis.
Kernel density estimation was used to visualize the spatial variation of summer and winter vessel
intensities for all vessels and for different vessels classes (commercial motorboats, recreational
motorboats, sailboats and unidentified vessels).
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We estimated kernel density surfaces with various bandwidths (or smoothing factors) and found that a
bandwidth of 2000 m appeared most suitable for showing patterns at the scale of this study. The output
from the kernel density estimation is a raster file of 100 m by 100 m.
Summer and winter vessel counts and composition of vessels classes were also analyzed in relation to
the extent of the SRKW Critical habitat.
All GIS outputs were saved as either as Shapefiles (point location or image boundaries) or GRID raster
files (Kernel density estimation) and projected in NAD 1983 BC Environmental Albers with the
Geographic Coordinate System GCS North American 1983. A description of the final GIS outputs in
included Table 17 in Appendix B.

4.3 Results and discussion
4.3.1 General description of detected vessels underway
Here we present the results of analysing selected Google Earth images from four different dates (Table
8). All images analyzed had a similar extent (average 1,273 km2). The number of vessels counted is
similar when comparing summer dates and winter dates, but it is six times higher in the summer dates
compared to the winter dates. This also resulted in higher vessel densities in summer (0.29 and 0.36
vessels/km2) than in winter (0.05 and 0.06 vessels/km2)
Table 8. Area covered, number of vessels and number of vessels per km2 for each of the Google Earth
images analyzed.

Area Covered

Number of vessels

Number of vessels/km2

29-Nov-2014

1,154 Km2

55

0.05

30-Dec-2015

1,250 Km2

78

0.06

28-Jul-2016

1,506 Km2

439

0.29

18-Aug-2016

1,181 Km2

429

0.36

Date

Table 9 presents the number of vessels counted for different vessel classes and for each of the images
analyzed. Recreational vessels (motorboats and sailboats) made up 90% of the identified vessel classes
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during the summer dates, and 75% in November 2014. Ferries are the predominant commercial vessel in
the area, with more ferries counted during the summer dates than during winter dates.
Table 9. Vessel counts per vessel class for each of the analyzed imagery.

Rec.
Vessels

Commercial vessels

Summer dates

Winter dates

18-Aug-16

28-Jul-16

30-Dec-15

29-Nov-14

Ferry

14

14

7

6

Fishing Vessel

7

0

0

1

Cargo Vessel

0

0

0

1

Tanker

0

0

2

2

Tug

2

0

0

0

Navy Vessel

3

0

0

0

Whale Watching Vessel

14

1

0

0

Recreational Motorboat

232

81

0

8

Sailboat

120

100

4

22

UnID

42

291

67

15

Total

434

487

80

55

4.3.2 Seasonal description of detected vessels underway
Data from the two imagery dates in summer were combined, keeping only vessel locations found within
the overlapping area. The same was done for the two dates in winter. The resultant polygons for each
season are similar in size and spatial extent (Figure 30). A total of 843 vessels are counted from the
combination of the two summer dates, with a density of 0.91 vessels per km2. In winter, the vessel
density is 6.5 times smaller than in summer, with a value of 0.15 vessels per km2 and a total of 128
vessels counts.
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Figure 30. Extent of individual dates (dashed lines) and area of overlap (solid colors) for summer (area
equal to 924 km2) and winter (area equal to 914 km2).
Figure 31 to Figure 34 show the spatial distribution of vessel densities for summer and winter for all
vessel combined (i.e. commercial motorboats, recreational motorboats, sailboats and unidentified
vessels, respectively).
There is a higher density of vessels during the summer than in the winter. The maximum density in
summer is 12 vessels/km2, while in winter vessel density is reduced to only 3 vessels/km2 (Figure 31).
Also the vessel traffic densities spread across almost the entire study area in summer, with hotpots in
Esquimalt, Sidney, Ganges (Salt Spring Island) and Montague Harbours (Galiano Island). These patterns
correspond with previous studies analyzing recreational vessel traffic in the Southern Gulf Islands (Gray
et al., 2011) and results from the aerial surveys (Section 3.3). Results from analyzed images taken in
winter, depict very localized and less evenly spread vessel densities, with hotspots in Esquimalt, Oak Bay
and about 5 km north-east from Sidney.
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Figure 31. Density distribution of all moving vessels during summer (left) and winter (right) periods.
The spatial distribution of commercial motorboats does not differ greatly between summer and winter
data (Figure 32), with a slightly higher vessel density in summer than in winter. In both instances,
commercial vessel densities coincide with the BC Ferry route between Victoria and Vancouver
(Tsawwassen – Swartz Bay), which is the most common vessel type based on vessel counts per type (see
Table 9).
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Figure 32. Density distribution of moving commercial motorboat vessels during summer (left) and winter
(right) periods.
The distribution of recreational vessels for both motorboats (Figure 33) and sailboats (Figure 34) is
remarkably different between summer and winter data. For motorboats, the highest densities from
analyzed summer dates are found just outside Esquimalt harbour and all throughout the Southern Gulf
Islands, particularly between Salt Spring and Galiano Islands, and off the shores of Sidney. These
patterns correspond with previous studies analyzing recreational vessel traffic in the Southern Gulf
Islands (Gray et al., 2011) and results from the aerial surveys (Section 3.3). In winter, only a few areas
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are highlighted as hot spots but these have much smaller vessel densities than hot spots identified in the
summer (less than 0.5 vessels per km2).

Figure 33. Density distribution of moving recreational motorboats during summer (left) and winter (right)
periods.
In summer, sailboat densities follow very similar patterns as motorboats, but with more marked hot
spots in Ganges Harbour, near Salt Spring Island, in Montague Habour, near Galiano Island, and near
Sidney (Figure 34). In winter, there are only two noticeable hotspots, one just outside Oak Bay, and
another near Sidney where there are sailing schools in the area.
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Figure 34. Density distribution of moving sailboats during summer (left) and winter (right) periods.
We also estimated the number of moving vessels found only within the SRKW critical habitat. For
summer dates, 58% of the imagery area initially analyzed overlaps with the SRKW critical habitat, 326
vessels were counted resulting in a vessel density of 0.61 vessels/km2. For winter dates, the overlapping
area is greater (71% of overlap). Only 61 vessels were counted resulting in a density of 0.09 vessels/km2.
When we analyze the distribution of vessel classes during the summer season more closely (Figure 35),
we discover that more recreational vessels (motorboats and sailboats) are found outside the SRKW
critical habitat, but also twice as many unidentified vessels are found inside SRKW critical habitat. Also
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interestingly, a higher percentage (4%) of whale watching vessels was found inside SRKW critical habitat
than outside (less than 0.01%).

Figure 35. Distribution of vessels types during the summer period outside SRKW critical habitat (left) and
inside (SRKW).
During the winter season, the distribution of vessel classes is very similar inside and outside SRKW
critical habitat (Figure 36). A few more ferries were counted outside the critical habitat, while more
commercial vessels (other than ferries) were counted inside the critical habitat.
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Figure 36. Distribution of vessels types during the winter period outside SRKW critical habitat (left) and
inside (SRKW).

4.3.3 Description of detected moored or docked vessels
A total of 54 recreational marinas, including Yacht Clubs and unidentified docks with three or more
berths, were identified in Google Earth imagery from July 28, 2016. The highest concentration of
marinas is found between Sidney and Swartz Bay, in North Saanich, Vancouver Islands (Figure 37, left).
These marinas also hold the highest numbers of berths and houseboats. These include Van Isle Marina,
Westport Marina, Sidney North Saanich Yacht Club and Canoe Cove Marina. Oak Bay Marina, in Oak Bay,
is also one of the top five marinas in terms of the number of vessels counted. Overall, more motorboats
were counted docked in marinas than sailboats (12% more; Figure 37, right).
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Figure 37. Number of vessels counted in marinas (left) from analyzed imagery dated from July 28, 2016,
and distribution of vessel types (right).
A total of 1213 vessels counted moored or docked in the analyzed imagery from July 28, 2016, with
more than 96% of the vessels being identified as recreational vessels (both sailboats and motorboats).
Highest densities (between 50 and 98 vessels/km2) are found within natural harbours and bays in many
of the Southern Gulf Islands (Figure 38), and in particular in Montague Harbour (Galiano Island), in
Ganges and Fulford Harbours (Salt Spring Islands), Village Bay (Mayne Island), in both North and South
Pender Island Harbours, and around the north tip of Sidney Island. A number of small docks and moored
vessels are also found along the coast between Sidney and Swartz Bay, as well as around Piers Island.
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Figure 38. Density of vessels moored or docked in small piers from analyzed imagery dated from July 28,
2016.
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5. Summary discussion
5.1 Comparison of NASP aerial surveys and Google Earth satellite imagery methods
The suitability of any vessel data acquisition method is fundamentally dependent on the purpose.
Therefore, it is important to understand and compare the strengths and limitations of different
approaches.
Strengths and limitations of aerial surveys
Aerial surveys using NASP aircraft and sensors can be used to collect accurate and precise vessel data for
relatively large coastal areas. Additionally, the access to AIS data at the same time as vessel sightings are
collected provides an excellent and unique opportunity to analyze the relative abundance of AIS vessels
compared to non-AIS vessels. The methodology to extract this information was relatively simple
although time consuming. This analysis is particularly relevant in coastal areas, which are typically
dominated by small vessel traffic. In addition, access to georeferenced video footage of the aerial survey
allows the collection of more accurate information on vessel speed and the type of vessel activities (e.g.,
fishing).
NASP surveys for vessel detection were opportunistic since collecting vessel data is a secondary priority
when undertaking flight missions for their primary purpose such as oil spill monitoring or wildlife
surveys. This results in survey effort that is not ideal temporally and spatially to collect optimal data for
vessel traffic studies. Temporally, surveys were constricted to good weather conditions and daytime
hours. This might under-estimate vessel traffic during winter months, for example, when flying
conditions are less favourable and the probability of detecting vessels is lower. These factors can be
addressed by modelling surveillance effort for each season, or using weather and season variables as
covariates by employing multiple-covariate distance sampling methods (Buckland et al., 2015).
Spatially, survey coverage was fragmented or non-homogeneous with some areas receiving more survey
effort than others. For this study sightings per unit of effort were standardized to account for uneven
survey effort. Finally, spatio-temporal biases were introduced when vessel data were not collected for
areas with dense small vessel traffic because NASP operators felt they could not capture all vessel
traffic. This would result in an under representation of vessel traffic in some areas, particularly during
summer months or during the opening of certain fisheries (e.g., Pacific herring roe fisheries).
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Strengths and limitations of satellite imagery
An advantage of using high-resolution optical imagery from Google Earth for collecting vessel
information is that it provides a synoptic view of the vessel traffic, as well as uniform detection
probability across a unique image clean of cloud coverage. Also, with recent satellite sensors it is
possible to access very high-resolution images (~ 1 m pixel resolution), which allow for the
differentiation of different vessel classes. Finally, Google Earth imagery can be accessed at no cost,
which allowed us in this study to explore the utility of this technology for monitoring vessel traffic in the
Salish Sea without investing in data acquisition.
There are, however, two main challenges with using Google Earth’s optical imagery. One is the spatiotemporal coverage of the images. Google Earth targets high population density areas when acquiring
and providing access to high-resolution imagery. High-resolution imagery over water extends as far as
10 to 20 km from shore. This limits significantly the areas where images are available to analyze. Also
temporally, Google Earth only offers data for few days in a year and in that time, all areas of interest
may not be available. Also, the quality of images is lower the older the images are.
Access to more high-resolution optical imagery is possible but needs to be purchased. In Canada, highresolution (50 cm) optical imagery data can be purchased through MDA’s Geospatial Services14. MDA is a
company based in Vancouver that provides high-resolution optical imagery from Digital Globe15. Data
can be purchased at a cost of CAN$22.50 or CAN$16.0016 per square kilometer. MDA has access to
different imagery, which can be processed with different filters to improve quality (e.g., remove glare
from shiny objects). For this study we requested a sample to compare with data available on Google
Earth (Figure 39). The sample provided by MDA was the best available image from 2017 (and collected
on July 27, 2017). Even though vessels can be seen in this image it is more difficult to identify the type of
vessel when compared with the image sample from Google Earth (Figure 39). Even though this study
was not able to have access more samples from MDA, we believe it would be possible to obtain similar
high quality images (or improve image quality through image processing and filter analysis) as the ones
available from Google Earth for localized areas. However, we believe it will be a challenge to find
enough good quality imagery to detect vessels accurately for vast areas and over long periods of time.
Good resolution is not enough in an image; it also has to be absent of glare and clouds.

14

https://mdacorporation.com/geospatial/international
https://www.digitalglobe.com/
16
Academic and government discount (V. Wu, MDA Sales Director, Pers. Comm.)
15
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Figure 39. Optical imagery from the same geographic location gathered from Google Earth and dated
August 18, 2016 (left), and provided by MDA and dated from July 27, 2017 (right).
Comparing aerial surveys with satellite imagery
The above discussion on strengths and limitations of using of aerial surveys and satellite imagery to
collect data on small vessels reveals similarities and differences with respect to spatial coverage and
resolution, temporal coverage, acquisition of vessel attributes, ability to distinguish between AIS and
non-AIS vessels, cost and data processing effort. These are summarised in Table 10.
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Table 10. Comparison of aerial survey and satellite image methods for capturing small vessel data.
Aerial Surveys (NASP)

Satellite Imagery (Google Earth)

Spatial coverage
and resolution

 extent of Exclusive Economic Zone
 dependent on NASP flight plan route
 excluded area with high density of
small vessels
 variable probability of detection
based on survey effort
 high spatial resolution but
dependent on the altitude of the
aircraft

 limited coverage (10-20 km offshore
in study area)
 provides synoptic view
 targets areas of high human
population density
 uniform probability of detection
across an image
 high spatial resolution but dependent
on the age of the imagery

Temporal
coverage

 good weather conditions (more
coverage in summer)
 daytime hours

 images available for a few days a year
for a given location

Vessel attributes

 accurate and precise classification of
vessel class and activity by
georeferenced video

 accurate classification of vessel class
 location information extracted from
image

Distinguish
presence of AIS
and non-AIS data

 Yes

 No (although possible if AIS data is
available for the same time as image)

Cost

 no cost for NASP data with federal
government agreement

 no cost for Google Earth
 higher resolution of images cost $16$22 per km2 (based on MDA quotes)

In addition, the results of the two methods are comparable. Both methods produced similar results in
terms of vessel patterns for different vessel types (commercial and recreational vessels). That is, both
showed a higher number of recreational vessels compared to commercial vessels in areas both methods
surveyed. This serves to validate to a certain degree both methodologies.
Although no attempt was made to combine AIS data with optical imagery in this study, a few published
studies have used AIS to validate vessel detections from optical imagery (Kanjir et al., 2018). Hence,
optical imagery could also be an effective tool to determine the number of non-AIS vessels.
A limitation of both satellite imagery and aerial surveys is the difficulty in collecting accurate information
on vessel speed, length, flag and sometimes class (e.g., commercial fishing vessel versus recreational
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fishing vessel). AIS can provide more information on a particular vessel but some of this information
relies on being accurately entered by the AIS vessel operator (Robards et al., 2015).
The selection of aerial surveys versus satellite images (versus other vessel tracking methods) will
ultimately depend on the spatio-temporal scale of the analysis and the type of vessel data needed to
solve the application or problem at hand. For example, optical imagery could be an appropriate tool to
monitor vessel traffic in localized areas, such as in and around marinas and ports, or areas with many
small vessels due to a fisheries opening. Aerial surveys on the other hand are likely to be more effective
over larger marine areas and during a wider range of weather conditions.
Finally, another advantage that both aerial surveys and satellite imagery share is the fact that both are
non-cooperative vessel tracking systems, meaning that the collection of information on vessels presence
and activity is independent from any cooperation from the vessel. Non-cooperative observing systems
can be extremely effective in tracking vessel not required to participate in cooperative systems such as
AIS, or in detecting and monitoring vessels operating illegally.

5.2 Research and management implications
The primary goal of this project is to explore the use of NASP surveys and satellite imagery for increasing
our understanding of the spatial distribution and attributes of vessels that do not carry AIS. The results
show that both these methods have strengths and weaknesses and will variably meet the requirements
of a study, depending on the specific objectives. Therefore, for a complete understanding of small vessel
traffic integration of multiple methods may be required.
Results from aerial surveys show that 70% of vessels travelling through the Salish Sea do not transmit
AIS. Therefore, relying solely on AIS to model vessel traffic will considerably skew spatial distribution of
marine vessels and minimise the intensity of small vessel traffic, which would have implications on
modelling analysis that relies on AIS data. For example, cumulative noise models are typically based on
AIS to estimate the noise footprint of different vessel classes. But in coastal areas such as the Salish Sea,
where small vessel traffic predominates, under-representation of small vessel classes would result in
underestimating considerably the amount of noise introduced into the marine environment from
vessels. Information on small non-AIS vessels is particularly important within and around SRKW critical
habitat for the consideration and implementation of any management options for reducing underwater
noise from small vessels.
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Having a complete picture of vessel traffic in highly used areas is also important to assess other potential
impacts on the marine environment more accurately because heavily travelled corridors are likely to be
exposed to higher environmental impacts associated with marine traffic than less visited waterways.
These impacts may include pollutants (hydrocarbons and heavy metals), introduced species, coastal
erosion from wake, and physical disturbances to fish and marine mammals.
Detailed spatial information on vessel type, activities and speeds can assist decision-makers around
targeted management measures. Results of this study indicate a higher number of recreational
motorboats than any other type of vessel class in the study area. The identification of areas highly used
by recreational motorboats (both for boating and fishing) is important for development and
implementation of targeted noise reduction measures, or for monitoring fishing pressures over SRKW
prey species (mainly chinook salmon).
Understanding the distribution of vessel traffic is important not only to assess the effect that vessel
activities have in the marine environment but also to assess the potential impact that management and
mitigation strategies can have on commercial and recreational activities (Gray et al., 2011; Turner et al.,
2015). For example, the recently proposed recreational fisheries management measures in several areas
within SRKW critical habitat (Fisheries and Oceans, 2018) would benefit from detailed information on
the spatio-temporal distribution of recreational fishing vessels when assessing both the economic and
conservation impact of these measures.
Accurately mapping vessel traffic for different vessel classes can also greatly enhance marine spatial
planning. Large vessels carrying AIS tend to be constrained to well-defined and consistent corridors,
while small vessels are more dispersed in their travel routes. So for example, any zoning based solely on
AIS vessel patterns will exclude areas that are closer to shore. Mapping small vessel traffic can also can
more accurately reveal and remediate potential spatial conflicts between different marine uses (Breen
et al., 2014). This information would be particularly useful in designing, planning, zoning and
management of any proposed conservation areas in the Salish Sea.

5.3 Recommendations for future work
Additional aerial survey effort in the area could help to further refine relative abundance estimates of
vessel traffic, particularly to estimate non-AIS vessels distributions and the composition of vessel types.
As NASP is being used opportunistically, the more aerial surveys that can be included in assessing spatial
patterns and intensity of small vessel traffic the more reliable resulting models will be. In addition,
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vessel data collection using NASP flights could also benefit with more clear and standard data collection
protocols, including training on data collection techniques for NASP crew to reduce biases. The
collection of data known to affect detection rates (e.g., weather and observer experience) would also be
important to more accurately model vessel abundances and effective detections. Future modelling
efforts could involve the use of regression techniques (e.g., GAM) to extrapolate relative abundances to
areas not surveyed by aerial surveys.
Other data collection protocols should be tested to allow the collection of vessel data using NASP aerial
surveys in areas with high vessel traffic. We are currently exploring different methodologies to collect
vessel traffic independently of the intensity of vessel traffic, for example by taking panoramic images of
the area of interest and then counting the number of vessels in the image (as in Dimuskes et al., 2010).
However, this method may not allow the collection of detailed vessel information such as vessel class
and activity.
For satellite imagery, if optical satellite imagery were to be acquired from MDA, automatic detection
algorithms could be developed to extract vessel information more efficiently. It would also be
interesting to acquire SAR imagery to be able to extract vessel information independently of the cloud
cover or time of the day.
Vessel data collection over longer periods would allow assessment of temporal trends as well as the
impact of changes in vessel monitoring and management measures. More and more vessel owners have
been opting to carry AIS transmitters mainly for safety reasons but AIS carriage requirements are also
expected to change in 2018 (Transport Canada, pers. comm.) which would result in even more vessels
transmitting their position through AIS.
Finally, it will be important to engage with the boating community to validate the spatial patterns
revealed by NASP and satellite imagery with those who are actually boating. Steps have already been
taken to collaborate with the whale watching industry. Engaging with the recreational boating
community is more challenging but can be facilitated through marinas, recreational boating associations
and organisations such as Georgia Strait Alliance.
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Appendix A: Observation effort methodology and results
A.1 Exploratory analysis
Summary statistics (Table 11) on perpendicular distances from the non-AIS vessels to line transect for
each of the sub-regions, as well as histograms (Figure 40) and boxplots (Figure 41) of perpendicular
distances for each sub-region.
Table 11. Perpendicular distances (in meters) summary statistics

Sub-Region

Min.

1st Qu.

Median

Mean

3rd Qu.

Max.

Boundary
Pass/Haro
Strait

42

980

2,305

2,989

4,310

12,420

Gulf Islands

5

324

1,043

1,798

2,623

11,920

Juan de
Fuca Strait

24

1,804

4,032

5,314

6,935

40,500

Strait of
Georgia

6

1,341

2,832

3,670

5,232

21,520
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Figure 40. Histograms of observed distances for each sub-region
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Figure 41. Perpendicular distances boxplot
Table 12 shows the number of outliers identified and extracted from the analysis. The Turkey methods
was used to identifies outliers that range above and below the 1.5*IQ.
Table 12. Outliers based on perpendicular distances removed from analysis for each sub-region

Sub-Region

No. Outliers

Min

Max

Mean

Boundary Pass/Haro Strait

2

10,244

12,416

11,330

Gulf Islands

4

6,242

11,922

8,414

Juan de Fuca Strait

4

16,755

40,496

23,332

Strait of Georgia

9

11,281

21,524

15,199
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A.2 Detection functions and results per sub-region
A.2.1 Boundary Pass and Haro Strait
Figure 42 presents the histogram of perpendicular distances to non-AIS vessels in Boundary Pass and
Haro Strait sub-region without outliers identified in Table 12.

Figure 42. Histogram of perpendicular distances to non-AIS vessels in Boundary Pass and Haro Strait
without outliers.
Summary information table (Table 13) for fitted models to Boundary Pass and Haro Strait data.
Differences between models based on AICs are very small (less than 2), indicating that all models will
have very similar estimated probabilities of detection and hence there would be little difference in
selecting between these models (Miller et al., 2016). The first model, Uniform with cosine adjustments
was selected to estimate the ESW.
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Table 13. Summary for the detection function models fitted to Boundary Pass and Haro Strait non-AIS
distance data.

C-vM p-value

𝑷^𝒂

se(𝑷^𝒂 )

𝜟AIC

Uniform with cosine adjustment

0.52

0.61

0.05

0.000

Hazard-rate

0.99

0.49

0.12

0.03

Half-normal with cosine adjustment

0.99

0.48

0.08

0.28

Key function

C-vM stands for Cramér-von Mises Goodness of fit test p-values (p-values exceeding 0.2 indicate that the model
provides good fit to the data), Pa is the probability that a random chosen non-AIS vessel within the surveyed subregion is detected, se is the standard error. 𝛥AIC is the difference between the best candidate model’s AIC and the
other fitted models (Burnham and Anderson, 2002). Models are sorted according to AIC.

The ESW estimated using R Script by E. Rexstad (2017) on the Uniform with cosine adjustments
detection function model and applied to flight transects found in Boundary Pass and Haro Strait subregion is 5,462 m. See Appendix A.3 for a copy of the script.

Figure 43. Detection function plot for Boundary Pass and Haro Strait sub-region, with vertical line placed
at ESW.
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A.2.2 Gulf Islands
Figure 44 presents the histogram of perpendicular distances to non-AIS vessels in Gulf Islands sub-region
without outliers identified in Table 12.

Figure 44. Histogram of perpendicular distances to non-AIS vessels in Gulf Islands without outliers.
Summary information table (Table 14) for fitted models to the Gulf Islands data. Differences between
first and second models compared to the third model and based on AICs are very small (less than 2),
indicating the first two models are very similar (Miller et al., 2016). The first model, Hazard-rate with
polynomial adjustments was selected to estimate the ESW.
Table 14. Summary for the detection function models fitted to Gulf Islands Non-AIS vessels distance data

C-vM p-value

𝑷^𝒂

se(𝑷^𝒂 )

𝜟AIC

Hazard-rate with poly adjustments

0.91

0.19

0.05

0.0

Uniform with cosine adjustment terms
of order 1,2,3

0.04

0.365

0.03

10.8

Half-normal with cosine adjustment
term of order 2

0.06

0.0.35

0.03

12.2

Key function

C-vM stands for Cramér-von Mises Goodness of fit test p-values (p-values exceeding 0.2 indicate that the model
provides good fit to the data), Pa is the probability that a random chosen non-AIS vessel within the surveyed subregion is detected, se is the standard error. 𝛥AIC is the difference between the best candidate model’s AIC and the
other fitted models (Burnham and Anderson, 2002). Models are sorted according to AIC.
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The ESW estimated based on the Hazard-rate with polynomial adjustments detection function model
(Figure 45) and applied to flight transects found in the Gulf Islands sub-region is 1104.3 m (value
estimated using R Script by E. Rexstad (2017)).

Figure 45. Detection function plot for the Gulf Islands sub-region, with vertical line placed at ESW.

A.2.3 Strait of Georgia
Figure 46 presents the histogram of perpendicular distances to non-AIS vessels in the Strait of Georgia
sub-region without outliers identified in Table 12.

Figure 46. Histogram of perpendicular distances to non-AIS vessels in the Strait of Georgia without
outliers.
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Summary information table (Table 15) for fitted models to the Strait of Georgia sub-region data.
Differences between first and second models compared to the third model and based on AICs are very
small (less than 2), indicating the first two models are very similar (Miller et al., 2016). The first model,
Hazard-normal with cosine adjustments was selected to estimate the ESW.
Table 15. Summary for the detection function models fitted to the Strait of Georgia non-AIS vessels
distance data.

C-vM p-value

𝑷^𝒂 )

se(𝑷^𝒂 )

𝜟AIC

Half-normal with cosine adjustment
term of order 2

0.47

0.49

0.02

0.00

Uniform with cosine adjustment term of
order 1

0.19

0.53

0.01

0.67

Hazard-rate with simple polynomial
adjustment term of order 2

0.59

0.46

0.05

6.14

Key function

C-vM stands for Cramér-von Mises Goodness of fit test p-values (p-values exceeding 0.2 indicate that the model
provides good fit to the data), Pa is the probability that a random chosen non-AIS vessel within the surveyed subregion is detected, se is the standard error. 𝛥AIC is the difference between the best candidate model’s AIC and the
other fitted models (Burnham and Anderson, 2002). Models are sorted according to AIC

The ESW estimated based on the Half-normal with cosine adjustments detection function model (Figure
47) and applied to flight transects found in the Strait of Georgia sub-region is 5,400 m (value estimated
using R Script by E. Rexstad (2017)).

Figure 47. Detection function plot for the Strait of Georgia sub-region, with vertical line placed at ESW.
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A.2.4 Juan de Fuca Strait
Figure 48 presents the histogram of perpendicular distances to non-AIS vessels in the Juan de Fuca Strait
sub-region without outliers identified in Table 12.

Figure 48. Histogram of perpendicular distances to non-AIS vessels in the Juan de Fuca Strait without
outliers.
Summary information table (Table 16) for fitted models to the Juan de Fuca Strait sub-region data.
Differences between first and second models compared to the third model and based on AICs are very
small (less than 2), indicating the first two models are very similar (Miller et al., 2016). The first model,
Hazard-normal with cosine adjustments was selected to estimate the ESW. Data was truncated at
10,000 m because the detection probability dropped below 0.1, as recommended by Buckland et al.
(2001).
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Table 16. Summary for the detection function models fitted to the Juan de Fuca Strait non-AIS vessels
distance data, truncated at 10,000 m.

C-vM p-value

𝑷^𝒂

se(𝑷^𝒂 )

𝜟AIC

Half-normal with cosine adjustment
term of order 1

0.82

0.73

0.07

0.00

Uniform with cosine adjustment term of
order 1

0.83

0.72

0.07

1.25

Half-normal with cosine adjustment
terms of order 2,3

0.91

0.63

0.13

2.22

Key function

C-vM stands for Cramér-von Mises Goodness of fit test p-values (p-values exceeding 0.2 indicate that the model
provides good fit to the data), Pa is the probability that a random chosen non-AIS vessel within the surveyed subregion is detected, se is the standard error. 𝛥AIC is the difference between the best candidate model’s AIC and the
other fitted models (Burnham and Anderson, 2002). Models are sorted according to AIC.

The ESW estimated based on the half-normal with cosine adjustments with truncation at 10,000 m
detection function model (Figure 49) and applied to flight transects found in the Strait of Juan de Fuca
sub-region is 5,500 m (value estimated using R Script by E. Rexstad (2017)).

Figure 49. Detection function plot for the Juan de Fuca Strait sub-region, with vertical line placed at ESW.
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A.3: R-Scripts
The following R script by E. Rexstad (2017) was used to calculate the ESW:
ESW.calc <- function(my.ds.object) {
# calculates effective strip width
#
given object created by function ds() of class "dsmodel"
#
Rexstad, 28Apr17
if (class(my.ds.object) != "dsmodel") stop("Argument is not of class
dsmodel")
my.summary <- summary(my.ds.object)
truncation <- my.ds.object$ddf$meta.data$width
average.p <- my.summary$ds$average.p
esw <- truncation * average.p
return(esw)
}
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Appendix B – List and description of GIS output files
This section contains a brief description of the contents of the folder “GIS_Data_Layers_SmallVesselTrafficStudy”. This folder includes GIS data
generated during the study on vessel traffic in the Salish Sea and presented in the report “Small vessel traffic study in the Salish Sea and
Southern Resident Killer Whale Critical Habitat”, by Serra-Sogas et al. (2018) from analysis of aerial surveys carried out by the National Aerial
Surveillance Program (NASP; Table 2)and data layers generated from analyzing Google Earth imagery data (Table 1). GIS data layers are only
compatible with GIS software programs such as ArcGIS or QuantumGIS. All data layers include a complete Metadata description.
Table 17. Description of folders and GIS data layers produced from analyzing NASP aerial surveys.

Folder/GIS file name
NASP_GIS_Data_UVIC

Description
This folder contains the outputs from analyzing NASP aerial surveys.

AIS_Vessels_NASPstudy.shp

Location and attribute information of AIS vessels identified during NASP surveys in the Salish Sea
between August 15, 2015 and December 12, 2017.

NonAIS_Vessels_NASPstudy.shp

Location and attribute information of vessels not transmitting AIS identified during NASP surveys
in the Salish Sea between August 15, 2015 and December 12, 2017.

Seasonal_SPUE_NASPstudy.shp

Seasonal AIS and Non-AIS vessels counts and sightings per unit effort (SPUE) estimation for AIS
and non-AIS vessels

Vessel_Type_SPUE_NASPstudy.shp Relative abundances of different vessel classes (recreational. commercial, and miscellaneous)
corrected by surveillance effort.
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Table 18. Description of folders and GIS data layers produced from Google Earth Imagery.
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Folder/GIS file name
GE_GIS_Data_UVIC
Imagery_Outline

Description
This folder contains the GIS layers obtained from analysis Google Earth imagery
data.
This folder contains GIS layers representing the limits that represent the extent
of image analyzed

07_28_2016_GE_Imagery_Outline.shp

Outline of Google Earth imagery from July 28, 2016

08_18_2016_GE_Imagery_Outline.shp

Outline of Google Earth imagery from August 18, 2016

11_29_2014_GE_Imagery_Outline.shp

Outline of Google Earth imagery from November 29, 2014

12_30_2015_GE_Imagery_Outline.shp

Outline of Google Earth imagery from December 30, 2015

Point_Data

Location of vessels identified in Google Earth imageries

07_28_2016_GE_Imagery_Vessel_Data.shp Vessel locations extracted from Google Earth imagery from July 28, 2016
07_28_2016_GE_VesselsInMarinas.shp

Marina locations and number of vessels docked in marinas based on Google
Earth imagery from July 28th, 2016

07_28_2016_GE_VesselsMoored.shp

Locations of vessels moored or docked (only for small docks or piers) based on
Google Earth imagery from July 28th, 2016

08_18_2016_GE_Imagery_Vessel_Data.shp

Vessel locations extracted from Google Earth imagery from August 18, 2016

11_29_2014_GE_Imagery_Vessel_Data.shp

Vessel locations extracted from Google Earth imagery from November 29, 2014

12_30_2015_GE_Imagery_Vessel_Data.shp

Vessel locations extracted from Google Earth imagery from December 30, 2015

Summer

Raster data files resultant from the kernel density estimation analysis for
summer dates and for each vessel type.

sumallkde

Density estimation of all vessels detected from Google Imagery data
representing summer season (July 28, 2016, and August 18, 2016)

sumcomkde

Density estimation of commercial vessels detected from Google Imagery data
representing summer season (July 28, 2016, and August 18, 2016)

sumreckde

Density estimation of recreational vessels detected from Google Imagery data
representing summer season (July 28, 2016, and August 18, 2016)
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sumsailkde

Density estimation of sailboats detected from Google Imagery data representing
summer season (July 28, 2016, and August 18, 2016)

Summer_Outline.shp

Overlapping area from Google Earth imagery July 28, 2016, and August 18, 2016
representing summer season.

Winter

Raster data files resultant from the kernel density estimation analysis for winter
dates and for each vessel type
winallkde

Density estimation of all vessels detected from Google Imagery data
representing winter season (November 24, 2014 and December 20, 2015)

wincomkde

Density estimation of commercial vessels detected from Google Imagery data
representing winter season (November 24, 2014 and December 20, 2015)

winreckde

Density estimation of recreational vessels detected from Google Imagery data
representing winter season (November 24, 2014 and December 20, 2015)

winsailkde

Density estimation of sailboats detected from Google Imagery data representing
winter season (November 24, 2014 and December 20, 2015)

Winter_Outline.shp

Overlapping area from Google Earth imagery November 24, 2014 and December
20, 2015 representing winter season.
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