
















5.3. RESULTS 155

5.3.3 Moan Localization

The moan for this section represents the same random moan used for the

bearing and TDOA chapter. For this moan, the peak result from the MFP al-

gorithm ended up being an invalid point (below the bathymetry), but its result

will still be shown. Figure 5.21 shows the total ambiguity volume for the in-

valid peak result, where the volume corner represents the peak, and Figure 5.22

shows a close-up of that ambiguity volume. As shown in Figure 5.21, the peak

localization result occurs at a longitude of −63.359◦, latitude of 48.184◦, and

depth of 160.5 m. Figure 5.22 shows the uncertainty, where the longitude is

bounded from −63.373◦ to −63.355◦ corresponding to 1226.6 m of uncertainty,

latitude is bounded from 48.177◦ to 48.188◦ corresponding to 1338.2 m of un-

certainty. Depth is bounded from 84.0 m to 207.0 m, corresponding to 123.0

m of uncertainty. This localization position and uncertainty with respect to

the sonobuoys are shown in Figure 5.23.
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Figure 5.21: MFP ambiguity volume for an invalid moan position. This
ambiguity volume shows the peak result at the corner of the volume, where
the peak result is invalid as it occurs beneath the bathymetry layer. The
variables ϕ and λ represent latitude and longitude, respectively.

The next highest peak representing a valid location for the moan is shown

as an ambiguity volume in Figure 5.24, where the corner represents the peak
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Figure 5.22: Close-up of the MFP ambiguity volume shown in Figure 5.21.
This close-up examines the peak result more closely and gives an idea of the
uncertainty scale according to the 5 dB difference metric discussed in the
methods section.
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Figure 5.23: MFP localization for a moan with an invalid position.
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and Figure 5.25 shows the close-up of that ambiguity volume. As shown in

Figure 5.24, the peak localization result occurs at a longitude of −63.354◦,

latitude of 48.177◦, and depth of 1.5 m. Figure 5.25 shows the uncertainty,

where the longitude is bounded from −63.355◦ to −63.353◦ corresponding to

167.3 m of uncertainty and the latitude is bounded from 48.176◦ to 48.177◦

corresponding to 148.7 m of uncertainty. Depth is bounded from 0.0 m to

12.0 m, corresponding to 12.0 m of uncertainty. The localization position and

uncertainty with respect to the sonobuoys are shown in Figure 5.26.
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Figure 5.24: MFP ambiguity volume for a valid moan position. This am-
biguity volume shows the peak result at the corner of the volume, where the
peak result is valid as it occurs above the bathymetry layer, shown by the black
line. The variables ϕ and λ represent latitude and longitude, respectively.

5.4 Discussion

This section details the specific localization results and discusses some of the

issues and interesting results from using MFP. The first main point to talk

about is the invalid peak points that were produced from the localization for

the upcall and moan. When running the MFP algorithm for the upcall and

moan, the reported peak result, or location with the best correlation, was

below the bottom boundary layer, which is impossible for the NARW. This
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Figure 5.25: Close-up of the MFP ambiguity volume shown in Figure 5.24.
This close-up examines the peak result more closely and gives an idea of the
uncertainty scale according to the 5 dB difference metric discussed in the
methods section.
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Figure 5.26: MFP localization for a moan with a valid position.
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means that when simulating the acoustic environment, that position produced

the best match of the acoustic field compared to the actual pressures recorded

on the sonobuoys. This could have happened because of the number of depth

layers being simulated for MFP, where the RAM algorithm is not properly

accounting for what might be happening at those lower depths. For example,

the upcall was localized to a depth below 400 metres in an area where the

bathymetry does not exceed 150 metres. The seabed parameters used for

MFP are still at those deeper depths, which is most certainly inaccurate.

When looking at the valid points, it still needs to be considered that the

peak point is not necessarily the actual source position but simply the best

location for the MFP algorithm to match the actual acoustic data. The change

in the localization depending on the valid peak and the invalid peak can be

large, as shown by the difference in the upcall localizations in Figure 5.17 and

Figure 5.14, respectively. To help deal with this in terms of relying on the peak

value as a valid estimate, the uncertainty is used to help gauge the size of the

estimate. Between the calls, the upcall had the largest uncertainty, covering

an area of 3642.5 m by 1743.9 m, a roughly 6.0 km2 area overall. This makes

sense for the upcall, given its position is far from the array, and the MFP

sectors are not as close together at this distance. The other localizations had

relatively small uncertainties of around 100 m by 100 m, despite one occurring

within the array and the other outside.

For the upcall, in Figure 5.15, there are some apparent numerical instabil-

ities on the right-hand side of the volume. Although this was not seen in the

other parts of the data, it is worth considering since the acoustic modelling

is integral to the MFP algorithm. The reason this is likely happening for the

upcall is because the MFP algorithm is trying to simulate source positions in

the land, which, as discussed earlier, the RAM algorithm used is not made

to handle appropriately. So, assuming this is the cause, it should be safe to

assume that there are no other numerical issues as long as the MFP algorithm

is limited to source positions in the water.

The valid moan ambiguity volume looks the best of all the localization re-
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sults. This is because the structure of the ambiguity surfaces follows what was

expected, where there are clear repeating side lobes coming from a main lobe.

This structure also supports using the incoherent summation of MFP at differ-

ent frequencies, as the sidelobes are significantly lower powered than the main

lobe (compared to typical single Bartlett processor results). In Figure 5.24,

the high-powered peaks can also be seen in the bathymetry, which gives in-

sight into why the upcall and moan both had their original peaks beneath the

bathymetry layer. Despite looking nice, the reliability of the moan estimate

is questionable. As mentioned in the methods section, the MFP algorithm is

built on knowledge about the environment, and this thesis’ knowledge about

the environment is lacking. Unfortunately, without better quantification of

the uncertainty with the environmental parameters, the peak MFP result can

only be taken as the best guess under a provided environment.



Chapter 6

Comparing Localization

Algorithms

6.1 Comparative Analysis

This section will review the localization algorithms’ results to facilitate a com-

parison. The first plots of interest are the individual localization plots for the

three call types looked at in the previous chapters. The CIs and credible in-

tervals will represent the 68% contours. The upcall localization can be seen

in Figure 6.1. Based on this plot, the bearing localization appears to encap-

sulate most of the TDOA localization, whereas the TDOA localization does

not cover the peak bearing result. However, the direction of the call appears

to be the same for both the bearing and TDOA algorithm with respect to the

array. The distance between the peak bearing result and the TDOA result is

12.5 km. Unfortunately, the MFP result does not agree well with the other

two algorithms. Its result is situated in the Laurentian Channel and is 46.7

km from the TDOA peak result and 42.5 km from the bearing peak result.

Next, the gunshot localization can be seen in Figure 6.2. In this case, the

bearing algorithm fully covers the MFP result and its uncertainty. It covers

around three-quarters of the TDOA algorithm result, but the TDOA result

extends back into the array. Once again, there is a good agreement for the

direction of the call with respect to the sonobuoy array for each algorithm.

161
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Figure 6.1: Localization results for the upcall from annotation 47. This figure
shows the localization results from the bearing algorithm, TDOA algorithm,
and MFP algorithm.

The distance between the TDOA and bearing localization result is 5.3 km,

while the distance between the MFP and TDOA result is 10.1 km, and for

MFP and bearing is 4.7 km.
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Figure 6.2: Localization results for the gunshot from annotation 5. This
figure shows the localization results from the bearing algorithm, TDOA algo-
rithm, and MFP algorithm.
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The moan localization can be seen in Figure 6.3. The bearing and TDOA

localization results overlap and are both coming from the same direction with

respect to sonobuoy 39. However, the MFP result appears in the opposite

direction of sonobuoy 39. All the uncertainties for this localization are minor

compared to the upcall and gunshot localization results. The distance from the

TDOA and bearing localization result is 0.6 km, while the distance between

the MFP and TDOA result is 2.6 km, and for MFP and bearing is 2.0 km.
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Figure 6.3: Localization results for the moan from annotation 100. This
figure shows the localization results from the bearing algorithm, TDOA algo-
rithm, and MFP algorithm.

Finally, all the localizations can be looked at to get a general sense of the

different algorithms. Figure 6.4 shows all the localization results when using

the bearing and TDOA algorithms. It does not include the localizations from

MFP, as MFP was only run on the individual localizations discussed above

due to time constraints. Like with the individual localizations, there appears

to be a good agreement between the direction from which a call comes with

respect to the sonobuoys. The upcalls break this trend slightly, where the

bearing results are north of the TDOA results. The gunshots in the bottom

left of the array show that the TDOA results vary more in range than the

bearing results. The closest results, and those with the least uncertainty, are
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the moan localizations shown by the red arc from the inside to the outside of

the array.
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Figure 6.4: All localization results from the bearing and TDOA algorithms
for each call type.

Based on the grouping of the bearing and TDOA results, it seems reason-

able to think that their agreement means they are representative of the actual

source location. Unfortunately, if this is assumed to be accurate, the MFP

algorithms did not perform well. The only case of the MFP algorithm produc-

ing results similar to the other two methods is with the gunshot localization.

For the upcall and moan, MFP produced results in very different directions.

Even the reported depths from MFP for the calls (upcall at 64.5 m, gunshot at

42.0 m, and moan at 1.5 m) did not match those from literature (Parks et al.,

2011), where the depths are outside of the IQR range for each call type. As

mentioned in the MFP chapter, this likely has to do with the many unknown

parts of MFP. These unknowns include sound speed profiles, seabed parame-

ters, bathymetry, and sensor positions (e.g., depth), and the modelling itself

does not consider phenomena like internal waves or sea state, which would af-

fect the sensors and sound propagation. For these reasons, it will be repeated

that the MFP likely cannot be trusted in its current state.
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Surprisingly, despite having large uncertainty bounds for the sound speed,

the TDOA algorithm produced the smallest areas for the localizations over-

all, while the bearing algorithm produced the largest. The bearing algorithm

having large uncertainty areas in comparison likely has to do with the noise

combined with the signal when extracting the bearing bins from the azigrams.

Another surprising result was the precision of the TDOA algorithm in direc-

tion compared to range. The bearing appeared well confined in many of the

TDOA localizations, while the range was highly uncertain.

Another critical aspect of the algorithms that has not yet been considered

is the computational resources required to run them. Unfortunately, there

is insufficient data from the MFP results to compare. Still, based on many

trials, the MFP algorithm required upwards of 90 GiB at once and more than

12 hours for a single localization.1 The computer used for the localization

algorithms was a Windows computer with 32 GB of RAM and an Intel(R)

Xeon(R) processor with a base frequency of 3.90 GHz and a 64-bit operating

system. Only essential programs were operating on the computer to ensure the

computational measurements were accurate while the localization algorithms

ran.

The first computer resource metric is the computation time versus the num-

ber of sonobuoys used for localization, where computation time refers to the

processing time, which is the total time the CPU spends making calculations

for the algorithm. The number of sonobuoys is expected to naturally increase

all algorithms’ computation time and memory. The computation time versus

the number of sonobuoys can be found in Figure 6.5, which shows the trends

for both the bearing and TDOA algorithm. According to Figure 6.5, there ex-

ists a clear trend between computation time and number of sonobuoys, which

looks linear for the bearing, but non-linear for TDOA. The possible reason

for the TDOA to be non-linear is that the ML method is non-linear, but this

increase in computation time is likely caused by the number of intersections to

be calculated. The number of required calculations for the intersections grows

1This is based on a separate computer meant for heavy-duty calculations, thus another
reason it is not comparable to the bearing and TDOA methods.
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quite large for moderate numbers of buoys. The number of possible hyperbolas

is given by (
N

2

)
=

N !

2!(N − 2)!
= N(N − 1) = M, (6.1)

where N is the number of buoys, and M is the number of created hyperbolas.

Then, the number of computations for the intersections is given by

(
M

2

)
=

M !

2!(M − 2)!
= M(M − 1) = N4 − 2N3 +N, (6.2)

which gives a time complexity order of N4. Although the software uses vector-

ization whenever possible, when the number of hyperbolas is large, the program

is forced to use Python loops, which are slow and inefficient, as shown by the

large increase in computation time after about 17 sonobuoys.
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Figure 6.5: Process time versus the number of sonobuoys contributing to
the localization. Process time refers to the time the CPU spent computing
for the algorithms. The scatter points are the actual data points, the lines
show the OLS regression, and the filled polygons represent the 95% CI for
the regressions. For the bearing algorithm, the Mann-Kendall test rejected
the null hypothesis, thus indicating a significant trend, where the p-value was
calculated to be 0.0 (too small to show after computation). The bearing re-
gression used a first-order polynomial, where R2 = 0.97, indicating a strong
fit to this data. For the TDOA algorithm, the Mann-Kendall rejected the null
hypothesis, indicating a significant trend, where the p-value was calculated to
be 0.0 (too small to show after computation). The TDOA regression used a
first-order polynomial, where R2 = 0.856, indicating a strong fit to this data.
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Next, the peak memory usage versus the number of sonobuoys contributing

to the localization can be found in Figure 6.6. According to this plot, there is

also a clear trend between memory and the number of sonobuoys. The bearing

has a linear trend until about ten sonobuoys, where the memory then caps out

at around 30 GiB. This plateau is because the bearing method uses the total

capacity of the RAM on the machine. So, after using all the RAM, the only

measurement used for memory, the program starts to use virtual memory.

Virtual memory is allocated on the hard drive to act like extra RAM. It is

worth noting that memory access time on the hard drive is much slower than

accessing memory on RAM. So, the computation time of the bearing algorithm

is likely to be impacted after ten sonobuoys due to the use of virtual memory.

The trend for the TDOA algorithm is not so obvious. The ML and Monte

Carlo method might explain the wide range of memory values. However, this

may reveal an issue in the software, as the memory should not fluctuate with

this method as much as it appears to be doing in Figure 6.6. In any case,

the TDOA algorithm still maintains a lower memory consumption than the

bearing algorithm.

Finally, the processing time versus the peak memory usage is shown in

Figure 6.7. For both the TDOA and bearing algorithm, there is a significant

trend according to the Mann-Kendall test. This is also seen visually with the

OLS regression lines. The bearing algorithm is more tightly contained, with a

group of points at the 30 GiB mark caused by insufficient RAM. Again, the

TDOA points are more sporadic and variable. It makes sense to see an increase

in processing time with an increase in memory as it means more sonobuoys are

involved, and thus, more computations are required, which also need storage.

There is an obvious need for more memory or a better algorithm for the

bearing method to make the algorithms perform better. The memory grows

so much because the probability map is created after making a mesh grid

of the area. Also, arrays are used to take advantage of vectorization, but

their size depends on the number of sonobuoys, which causes them to grow

large. A better way would be to define the area mathematically using the
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Figure 6.6: Peak memory usage versus the number of sonobuoys contribut-
ing to the localization. Peak memory refers to the amount of random access
memory (RAM) used. The scatter points are the actual data points, the lines
show the OLS regression, and the filled polygons represent the 95% CI for the
regressions. For the bearing algorithm, the Mann-Kendall test rejected the null
hypothesis, thus indicating a significant trend, where the p-value was calcu-
lated to be 0.0 (too small to show after computation). The bearing regression
used a first-order polynomial, where R2 = 0.550, indicating a moderate fit
to this data. For the TDOA algorithm, the Mann-Kendall rejected the null
hypothesis, indicating a significant trend, where the p-value was calculated
to be 6.198e − 5. The TDOA regression used a first-order polynomial, where
R2 = 0.230, indicating a weak fit to this data.

one-dimensional PDFs, but this was not done for this thesis. The TDOA

algorithm might do better under a different ML scheme, but its computation

time ultimately depends on the number of Monte Carlo simulation runs.

6.2 Synthesis

This section will briefly go over the inherent assumptions of each algorithm

again and talk about which situations each algorithm is best suited to. It

will also review how to use the algorithms with each other to get better lo-

calizations. Each algorithm makes use of some assumptions to perform the

localization estimate. The bearing relies on the two dipole hydrophones on
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Figure 6.7: Process time versus peak memory usage. The scatter points are
the actual data points, the lines show the OLS regression, and the filled poly-
gons represent the 95% CI for the regressions. For the bearing algorithm, the
Mann-Kendall test rejected the null hypothesis, thus indicating a significant
trend, where the p-value was calculated to be 0.0 (too small to show after
computation). The bearing regression used a first-order polynomial, where
R2 = 0.498, indicating a moderate fit to this data. For the TDOA algorithm,
the Mann-Kendall rejected the null hypothesis, indicating a significant trend,
where the p-value was calculated to be 0.001. The TDOA regression used a
first-order polynomial, where R2 = 0.267, indicating a strong fit to this data.

the sonobuoys and assumes no bias in the compass. Inherently, the sonobuoys

are described to have up to ±5◦ of bias. Still, whether a particular sonobuoy

does and by how much is not known.2 This can affect the localization esti-

mates by giving incorrect bearings and yielding inaccurate PDFs. For TDOA,

the main assumption is the sound speed. It assumes a direct path from the

source to the receivers with a given sound speed value. This, of course, is

inaccurate, as the large-scale area of interest in this thesis likely covers a vari-

ety of sound speeds, and it is also a shallow environment where the sound will

interact with the surface and bottom often. Finally, the MFP method assumes

the entire environment is well-characterized, including the sound speed profile,

seabed parameters, and bathymetry. Most of these variables are not known,

2This is from personal communication with (Maranda, 2024). The sonobuoy documen-
tation is not readily available to the public.
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and those that are cannot necessarily be taken as truth (i.e., glider data does

not cover the entire area of interest, GEBCO data resolution is limited and

from a particular date, same with seabed data).

With these assumptions in mind, the particular cases for each algorithm

can be discussed. The most significant benefit of the bearing method is that it

does not require any environmental knowledge for modelling purposes. It only

requires the full acoustic signal to be captured on the hydrophones to calculate

the bearing. With this in mind, it is best suited to a large environment that

does not contain multiple arrivals from different directions. Furthermore, it

benefits from a quieter environment that lacks directional noise. In an ideal

scenario, the sonobuoys or hydrophones used for the bearing method will have

been calibrated to account for any internal biases to get the best result possible.

The best environment for the TDOA algorithm, as it has been described,

would enable direct arrivals from a source to a receiver and a homogeneous

sound speed everywhere. This would allow the best estimates possible, as an

environment like this would maintain the inherent assumptions with TDOA.

Another option to improve TDOA would be to simulate the arrival paths of

the source to the receiver, as this would give a more accurate idea of how

long it would take for sound to reach a receiver, especially in an area where

there are many interactions with the seabed and surface. An area with a

homogeneous sound speed and direct paths can be challenging to come by

when trying to cover a large area, so TDOA seems best for smaller areas where

those assumptions are more likely to hold (so long as they are not dynamic

and complicated environments).

Finally, MFP would benefit most in a spatially varying environment that

was accurately known. A non-varying environment that was accurately known

could still yield ambiguous points due to symmetry, so it is better to have

some asymmetry in the environment. The more accurately the environment is

known, the better the modelling. Furthermore, to capture the uncertainty in

the MFP method, a sensitivity analysis should be conducted under the given

environmental parameters to see which influences the results the most. The
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MFP method would also benefit from more computational power to have finer

sampling steps. If applicable, it could also gain from including more com-

plicated environmental phenomena, like a non-flat surface or interval waves.

Another improvement to the MFP method would be using a vertical line ar-

ray. A vertical line array could significantly reduce the number of computations

compared to the horizontal configuration used in this thesis. In MFP litera-

ture, vertical line arrays are also more commonly used for estimates in range

and depth anyway (Tolstoy, 1993a).

The algorithms can be used together to get the best estimates possible.

This has already been seen in some cases in this thesis. For example, using the

credible area from the bearing method as the bounds of the MFP algorithm

reduced the area necessary to model. For TDOA, the spherical interpolation

method was used as an initial point for the ML method. In general, given

the independence of the bearing method from the environment, using its cred-

ible area to confine the localization problem seems reasonable. The TDOA

algorithm showed that despite large uncertainty values in the environment,

it could still precisely resolve the call’s direction. This, combined with the

bearing credible area, could reduce the size of the search area even more. Es-

sentially, the bearing method can be performed first, then the TDOA with

a smaller search space for the ML algorithm, and then finally MFP with a

well-confined search space thanks to the other algorithms.

6.3 Implications

This thesis has shown that certain localization techniques can provide useful

results, and this section will go into more detail about why this is true. The

first point to make has to do with the uncertainty of localization. Many papers

on localization often give a single-point estimate to represent the localization,

but, as shown with the methods used in this thesis, the points between methods

rarely coincide. The only overlap seen was when the credible and confidence

intervals were used. These uncertainty contours are useful because they can
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gauge where the NARW is calling from and how large an area needs to be

accounted for. According to current mitigation measures, the areas shut down

after an acoustic detection is vaguely described as 2,000 km2, which is assumed

to mean an area around the sensor (DFO, 2024a). For vessel slowdowns, the

areas to shutdown are dynamic zones whose size is also around 2,000 km2

(Transport Canada, 2024). The size of the localization areas in this thesis

for the 95% credible and confidence intervals was reported to be at medians

of 2,353.9 km2 for bearing and just 140.0 km2 for TDOA. For the best case

scenarios, specifically the moans near the sonobuoy array, the areas were 2.8

km2 for bearing and 0.03 km2 for TDOA. A boxplot of the 95% credible and

confidence interval areas for the bearing and TDOA methods can be found in

Figure 6.8. Compared to the mitigation areas, these results are either on par

with their size or significantly smaller. This indicates that the localization re-

sults can provide a precision that is currently lacking when using only acoustic

sensor detections. Furthermore, achieving the low sizes reported with moan

localizations is possible with the right configuration of hydrophones.
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Figure 6.8: Boxplot showing the areas of the 95% credible and confidence
intervals for the bearing and TDOA algorithms. The red dotted line shows
the 2,000 km2 area that the Government of Canada assumes after a NARW
detection.

Another point is that even with the larger areas of uncertainty, direction
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is another helpful piece of information. Both the bearing and TDOA method

were capable of reporting the direction, where TDOA had it tightly defined,

even for the 95% CIs. Direction is useful even by itself as it can help focus

attention in a specific direction, like when deciding where to go for aerial

surveys. It can also be used to understand the movement of the NARWs over

time, which can identify patterns in their migration, habitat use, and whether

a whale is entering or leaving an area. Essentially, even with large uncertainty

areas, which may be too large to use for mitigation decisions, the bearings that

these localizations report can complement existing efforts and improve them

further.

A final note about the algorithms is their ease of use. Although some

methodologies can be complicated, like with MFP, the bearing and TDOA

would be simple to incorporate into existing frameworks. The bearing method

would require the buoys to have directional hydrophones or a compact volu-

metric array, like on the DIFAR sonobuoys. The TDOA method only requires

the timing information to make a localization estimate. If this data was ac-

cessible from the buoys, it could be processed on an external machine and

used to create an estimate. These algorithms could run in conjunction with

current detection schemes, and the only other hurdle would be identifying the

same occurrence of a call across the buoys. However, this could be done with

matched filtering, as was done for this thesis.



Chapter 7

Conclusion

7.1 Summary

This thesis looked at three different localization algorithms for NARWs in the

Gulf of St. Lawrence to prove that localization could improve current miti-

gation decisions. These algorithms were bearing localization, time-difference-

of-arrival with maximum likelihood, and matched-field processing. They used

metrics such as the size of the localization predictions to evaluate performance

while also considering the effort and assumptions required to run them. To

compare these results to current mitigation measures, data from Fisheries and

Oceans Canada and Transport Canada were used to compare the size of the

mitigation zones and refer to what Canada has implemented. This showed

that Canada primarily uses aerial surveys to detect and localize NARWs to

inform closure protocols for fisheries and mandatory vessel slow-downs in dy-

namic areas. Although they also referenced acoustic sensors, they assume a

2,000 km2 area for the NARW area prediction when there is acoustic detection

but do not perform any form of acoustic localization.

In Chapter 3, the bearing localization algorithm was explored. It utilized

the directional hydrophones on the DIFAR sonobuoys to create representations

of the vocalizations called azigrams. The noise was then filtered from these

azigrams using a conditional whitener and general power law thresholding to

improve the bearing estimates. After the filtering, PDFs for each sonobuoy
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that contributed to the localization were created, which were combined to form

a total probability density surface. This probability density surface showed

areas of high and low probability for the position of the vocalizing NARW, and

the highest posterior density intervals were used to generate a credible contour

for the localization. With this method, the size of the localization estimates

varied depending on call type, though this was more likely due to circumstances

than the actual call type having an effect. For the 95% credible intervals, the

upcalls had a median localization area of 1824.1 km2, the gunshots an area of

2353.9 km2, and the moans an area of 2.8 km2.

The time-difference-of-arrival algorithm was looked at in Chapter 4. It

utilized the timing information of the calls, precisely their arrival times, and

created hyperbolas representing a line of possible source locations. The hyper-

bola overlaps indicated a potential source position. Maximum likelihood opti-

mization was used to resolve the best estimate of the source position utilizing

the difference in the arrival times. This was combined with Monte Carlo sim-

ulation to account for an unknown but assumed homogeneous sound speed to

generate confidence intervals for the localization estimate. With this method,

the median size of the localization area estimates for 95% CIs for upcalls was

49.1 km2, 140.0 km2 for gunshots, and 0.03 km2 for moans.

The matched-field processing algorithm was used in Chapter 5. It used

the best knowledge for the environment values, like sound speed profiles,

bathymetry, and seabed parameters, to model the acoustic field. These simu-

lated acoustic pressures were then correlated with the complex pressures the

sonobuoys received to create an ambiguity volume. The correlations’ peak re-

sult was the best guess of the source position if it occurred in a valid area, such

as above the bathymetry. Unlike the other methods, it was not run for all the

localizations but for a few select localizations. The results showed relatively

small uncertainty estimates on the scale of 100s to 1000s metres.

Based on the results of these algorithms, it was determined that the bear-

ing localization and the TDOA method were reliable and helpful for mitigation

measures. They both often overlapped in their credible and confidence inter-
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vals, suggesting that they reflect the source position of the vocalizing NARWs.

The size of their localization predictions was often on par with the size used for

mitigation areas or significantly smaller. These smaller predictions are possible

when the network of hydrophones for the localization is configured appropri-

ately. The most influential effect on the precision of the localization algorithms

was the number of sonobuoys contributing to the localization, or generally, the

number of sensors that detected the NARW vocalization. It was also shown

that the estimates’ variance was smallest when the call appeared to occur from

within the sonobuoy array. Unfortunately, the MFP algorithm did not align

with either the bearing or the TDOA method. On top of this, the uncertainty

associated with modelling the acoustic field with the poorly known environ-

ment meant that the MFP method was untrustworthy for accurate location

predictions under the configuration used for this project.

Table 7.1 below summarizes the metrics for each method as defined in the

introductory chapter’s objectives. The uncertainty and error associated with

each method are quantified using the size of the 95% credible and confidence

intervals. For MFP, it is quantified using the uncertainty defined by the 5 dB

difference from the peak correlation result. The bearing was assigned ‘mod-

erate’ for the necessary data as it needs the acoustic data from three sensors

(omnidirectional and two orthogonal dipole sensors), where the extra sensors

likely would not be readily available on existing platforms. TDOA was assigned

‘low’ as it only requires the time-of-arrivals and possibly the sound speed of

the environment, though it can be used without complete knowledge of the

sound speed. MFP was assigned ‘high’ as it requires as much environmental

knowledge as possible. For the assumptions, the bearing was assigned ‘mini-

mal’ as it requires no assumptions about the environment, but it is assumed

the sensors are unbiased. TDOA was assigned ‘moderate’ as it assumes a con-

stant homogeneous sound speed. MFP was assigned ‘high’ as it assumes the

complete environment and depends on it to make predictions.
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7.2 Future Work

If this project were to be repeated in the future, I think a few recommendations

would produce new and interesting results. First, for the methods that require

environmental information, either more effort should be made to collect that

information, or some other means should be used to infer it. One possible way

to infer this environmental information may be to use geoacoustic inversion,

which could be done without deploying environmental-specific sensors. Some-

thing else that could help with this is the deployment of longer-lasting sensors.

The sonobuoys used for this thesis only lasted for around eight hours maxi-

mum. Deploying moored sensors with the intention of long-term monitoring

could enable a better time series result over time.

If long-term sensors were deployed, I recommend carefully considering where

to deploy them. Although the deployment of the sonobuoys covered a large

area of around 2,048 km2, it could probably be stretched even larger. The

detection ranges for many of the calls were more than 20 kilometres, and it

was shown in this thesis that the localizations that occurred within the array

produced more precise localization results. Thus, deploying the sensors fur-

ther apart to cover a larger area could enable more localizations with more

precision. The use of the CRLB could also help configure the sonobuoys to op-

timize low variabilities in particular areas of interest if the number of long-term

moored buoys was limited.

Finally, research should be conducted on call associations to automate the

localization method completely. Although not mentioned directly throughout

this thesis, call associations were done manually after verifying a matched fil-

ter. Being able to associate an instance of a call across multiple sonobuoys

automatically would enable the inputs to be directly fed to an automatic lo-

calization algorithm.
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7.3 Contributions

This thesis work has contributed to understanding different localization al-

gorithms and their strengths, limitations, and assumptions. The insights

provided by these localization algorithms can potentially improve mitigation

management decisions if integrated with presently in-use acoustic sensors. Al-

though this work focused exclusively on NARW localization, it can be extended

to any source (e.g., other marine mammals or anthropogenic sounds).



Appendix A

Miscellaneous Methods

A.1 Introduction

This appendix covers different methods that were not part of the central thesis

but were still integral to the results. These methods include the call associ-

ations, the calibration of the sonobuoys, how the sound pressure levels were

calculated, and the statistical tests often referred to in the statistic diagrams.

A.2 Call Association

The annotations in the data set describe the bounding box for a NARW call.

This includes the start and end time with respect to the beginning of the audio

file and the minimum and maximum frequencies. They provide no information

about when the same call occurs in recordings from different sonobuoys in the

array. To execute the localization algorithms effectively, it is necessary to

know which sonobuoys detected a specific occurrence of a call. This is called

association, where a particular vocalization is linked to an individual whale. A

matched-filter approach was used to determine these same occurrences across

the array. A matched-filter is a cross-correlation between a kernel (signal data)

and data that may or may not contain the signal of interest (S. W. Smith,

1997). It is an optimal technique for detecting a known waveform in random

white noise (S. W. Smith, 1997). The cross-correlation can be represented as

181
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a convolution between the data, d[n], and the reversed signal or kernel, s[n],

as

m[n] = d[n] ∗ s[−n], (A.1)

where n is the sample number, ∗ denotes the convolution operation, and m[n]

is the matched-fitler result.

The matched-filter process started with the annotation information and

was done for every annotation across all sonobuoy audio files. First, the kernel

was selected using the bounding box parameters. Then, a data segment for

each sonobuoy that may or may not have contained the call was created. This

segment was generated in two steps. The midpoint of the segment was the

same coordinated universal time (UTC) as the call time in the annotation,

which was found by synchronizing the sonobuoy audio files. The segment size

was chosen to be large, so there was enough propagation time for the entire

sonobuoy field. For example, if the corners of the sonobuoy field were 50 km

apart and the sound speed was assumed to be 1500 m/s, then the segment

size was 66 s (33 s from each side of the midpoint). In practice, the segment

size was set to 100 s (50 s from each side of the midpoint) as a conservative

estimate to ensure that the signal was captured in the audio data if it existed.

The correlation of the kernel with the data segment was computed using a fast

Fourier transform (FFT) convolution method. A Butterworth bandpass filter

was used to isolate the call frequencies before the correlation. The six highest

peaks from the correlation were saved to a file for manual checking.

The manual checking was required to confirm whether the peaks captured

the correct occurrence of a call. A peak was considered the start of the correct

call when the bounds of the call matched that from the annotation, and the

call’s position was consistent with other transient sounds. In some cases, the

direction of the call was used by looking at the placement of the sonobuoys

to anticipate where the vocalization should be coming from. These steps were

necessary as the annotation process did not capture all occurrences of a call, so

the matched-filter peak could not be verified by lining it up with an annotation.
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A.3 Calibration and Sound Pressure Levels

The values reported in this thesis include sound pressure levels, which measure

pressure relative to a reference value. To make this calculation, the audio data

from the sonobuoys needed to be converted from digital values into pascals.

Ideally, this would have been done using a frequency calibration curve, but

unfortunately, this data is not publicly available. Instead, this thesis assumes

a flat frequency response for the sonobuoy hydrophones to perform the cali-

bration. The calibration equation comes from Merchant et al. (2015) paper’s

appendix on using PAMGuide, an acoustic analysis software. Because only

some data about the DIFAR sonobuoys is available, the calibration needs to

be computed using the system specifications of the sonobuoys. The primary

specifications needed are the transducer sensitivity, Mh(f), in dB re 1V/μPa,

and system gain, G(f), in dB at the frequency of interest, f (Merchant et

al., 2015). The frequency response is assumed to be flat for the range of fre-

quency values for NARW calls, so the transducer sensitivity and system gain

are constant. It is also necessary to know the analogue-to-digital converter’s

zero-to-peak voltage. Bit depth is unnecessary as the waveform audio file for-

mat is normalized from −1 to +1. With these variables, the correction factor

is given by

S(f) = Mh(f) +G(f) + 20 log10

(
1

VADC

)
, (A.2)

where S(f) is the correction factor, and VADC is the analogue-to-digital con-

vert’s zero-to-peak voltage (Merchant et al., 2015). To apply this correction

factor, assuming it is constant across frequencies, the calibrated time series is

given by

y(t) = x(t) · 10−S/20, (A.3)

where y(t) is the calibrated time series in units of μPa and x(t) is the digital

signal directly from the .wav files with no units but normalized to −1 to +1

(Merchant et al., 2015). For the sonobuoys, the transducer sensitivity was

set to −122dB re 1V/μPa, the system gain to −3.5 dB, and the zero-to-peak

voltage of the analogue-to-digital converter to 2
√
2 V (Maranda, 2001).
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After calibrating the data, the SPL was calculated according to the ADEON

project dictionary such that

SPL = 20 log10
prms

pref
, (A.4)

where pref is the reference value for sound in water set to 1μPa2, and prms is

the root mean squared of the calibrated data, and the SPL has units of dB re

1μPa2 (Ainslie et al., 2020).

A.4 Signal-to-Noise Ratio

Although the SNR generally refers to the ratio of powers for a desired signal

versus undesired signals, or noise, there are different schemes to calculate it.

This brief section covers how SNR is calculated for the NARW calls. The

first step of calculating SNR is to apply a bandpass filter to the data, where

the critical frequencies of the bandpass filter are given by the minimum and

maximum frequencies of the call of interest (these values are available from the

annotation bounding box). The bandpass filter is created using the second-

order sections (SOSs) representation of the infinite impulse response (IIR) for

a fourth-order bandpass Butterworth filter. The Butterworth filter is used

because it has a flat frequency response in the passband. Once the SOSs have

been created, they are used on the data to apply the Butterworth filter. This

process isolates the frequencies of interest for the NARW.

With the data filtered, the next step is calculating the signal and noise

power. The power for a data segment is taken as the mean of the square

samples, such that

P = x[n]2, (A.5)

where P is the power, x[n] is the data segment, and (·) represents the mean.

The data segment for the signal is given by the start and end times provided

by the annotation bounding box for a NARW call. The segment for the noise is

taken as the data on either side of the signal, for the same number of samples,

see Figure A.1 for a visualization. If S is the signal power and N is the noise
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N N N

‘Noise’ Signal ‘Noise’

time

Figure A.1: Data sections for signal-to-noise ratio calculation. The middle
section shows the signal, defined by the annotation bounding box and is N
samples long. The noise is taken as the N samples on either side of the signal
section.

power, then the SNR is given by

SNR = 10[log10 (S −N)− log10 (N)], (A.6)

where the SNR is reported in decibels. In some cases, the noise on either side

of the signal is not representative of the true ambient noise soundscape. For

example, there might be electrical or RF interference, which could cause a spike

in the noise power, or a dropout could make the noise power seem negligible.

It is for this reason that there are outliers in some of the SNR values, like in

Figure 3.38, Figure 3.39, and Figure 3.40.

A.5 Statistical Tests

The main statistical tests used in this thesis were the Mann-Kendall test and

Kendall’s Tau. To keep it brief, the Mann-Kendall test is a non-parametric

way to determine if a time series (or any sorted variables) has an increasing

or decreasing trend, assuming the data is independent (Kendall, 1975; Mann,

1945). Kendall’s Tau is a method to determine the strength of this trend

and whether it is positive or negative (Press, 2007). These tests were chosen

to determine trends, as no underlying distributions were assumed, and the

order of the trends was unknown. Furthermore, Kendall’s Tau was selected as

opposed to the Spearman correlation coefficient, as it has better handling of

ties and is more robust to outliers.

For the regressions in this thesis, standard OLS regression was used, though

given the outliers seen throughout, future work should consider a more robust
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regression method. It should be noted that the r-squared values from the OLS

regression are measures of how well the data fit the line but do not consider

the overall pattern or consistency of the trend over time as the Mann-Kendall

test does.

All data points in the statistical tests were used, meaning no outliers were

removed despite impacting either the trend tests or the regression. This is

because all outliers are assumed to be true, meaning they are not caused by

measurement or processing errors. Although some points could be argued as

invalid, such as the very low (less than −20 dB) SNR, or far (greater than

50 km) localization estimates, they cannot be argued with absolute certainty.

Thus, all outliers are used in the analysis portion of this thesis.

A.6 Software

All the software in this thesis was written using Python. The following list

goes over the different Python modules used in this thesis:

1. NumPy, for array processing and vectorization (C. R. Harris et al., 2020)

2. SciPy, for various scientific algorithms, like the FFT (Virtanen et al.,

2020)

3. Matplotlib, for plotting and creating many figures used in this thesis

(Hunter, 2007)

4. Numba, for creating machine code from Python scripts, for specific func-

tions (S. K. Lam, Pitrou, & Seibert, 2015)

5. Uncertainties, for propagating uncertainty in the localization methods

(Lebigot, 2024)

6. Statsmodels, for the regressions and their statistics (Seabold & Perktold,

2010)

7. PyMannKendall, for the Mann-Kendall tests (Hussain & Mahmud, 2019)
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8. Sklearn, for certain array manipulations (Pedregosa et al., 2011)

You can request all the scripts and software used/created in this thesis by

emailing kamden.thebeau@dal.ca.1

1Feel free to send general inquiries as well!
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