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SHORT ABSTRACT: Traditional underwater surveys employing side-looking sonars are designed
by assuming quality data will be collected out to a fixed range. However, environmental factors
at sea introduce variability into the coverage actually achieved. To address this issue, the NATO
Undersea Research Centre (NURC) has developed an adaptive survey algorithm for an autonomous
underwater vehicle (AUV) equipped with a synthetic aperture sonar (SAS). This algorithm allows the
AUV to react to in situ data and adjust its route accordingly to ensure complete coverage of the area
of interest is achieved. This adaptive strategy, which assumes no a priori knowledge, is compared to
pre-planned approaches in an extensive performance assessment. The study demonstrates the power
of the adaptive strategy, which in certain scenarios can match the optimal pre-planned survey that
assumes perfect knowledge of sonar performance. Results show that the adaptive survey algorithm
outperforms traditional surveys designed with a fixed sonar range, by guaranteeing complete coverage while limiting the travel distance (or time) required to do so. The assessment is supported by
real data collected at sea.
Keywords: autonomous underwater vehicle (AUV), performance assessment, autonomy, adaptive
surveying, sonar data.

1 INTRODUCTION
Autonomous underwater vehicles (AUVs) equipped with synthetic aperture sonar (SAS) systems are
quickly becoming fundamental tools for seabed mapping applications, as they provide high resolution imagery independent of range from the sensor, with high area coverage rates. These side-looking
sonar systems can be used for a wide range of applications, including habitat mapping [1], seabed
classification [2], mine detection [3] and pipeline monitoring [4]. The standard approach to seabed
mapping is to conduct a pre-planned survey consisting of parallel tracks based on the assumption
that satisfactory sonar coverage is achieved for a fixed range on either side of the AUV’s tracks.
In reality, environmental and operational conditions such as multipath [5] and adverse vehicle motion [6] introduce variability in the range to which quality sonar data can be collected. If this range is
underestimated in a pre-planned survey, the same area of seabed is imaged multiple times, decreasing the coverage rate and causing more time and resources to be expended during the mission. If this
range is overestimated, there will be a lack of sonar data for portions of the mission area, thereby
making tasks like object detection and classification [7, 8] impossible in these regions. An example
of a SAS image with degraded quality at long range is shown in Fig. 1.
To account for the variability of sonar performance during a mission and to address the limitations of pre-planned surveys, the NATO Undersea Research Centre (NURC) has developed an adaptive route planning algorithm that exploits through-the-sensor data collected during a mission and
guarantees full coverage of a search area [9]. This algorithm takes advantage of the ping-to-ping
cross-correlations generated by the SAS displaced phase center antenna (DPCA) motion estimation
algorithm [6]. These correlation coefficients can be used as real-time estimates of the quality of the
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sonar images being collected. By using this in situ sonar performance information, the algorithm
adaptively selects which AUV tracks to execute with the goal of ensuring sufficient quality of the
resulting sonar data.
This paper quantifies the performance of the NURC adaptive survey algorithm when compared to
traditional pre-planned surveys. First, a baseline performance assessment is conducted by deriving analytically optimal pre-planned surveys when perfect knowledge of the true sonar ranges is
assumed. Then, real data collected at sea are used to assess the operational performance of the adaptive algorithm for real operations. The unique dataset used for this analysis was collected during
three sea trials conducted under different environmental and operational conditions.
The remainder of this paper is organized as follows. Section 2 describes traditional pre-planned surveys, while Section 3 summarizes the adaptive survey algorithm. Section 4 introduces the empirical
dataset collected at sea and used in this study. Section 5 presents a performance assessment of the
new adaptive survey algorithm when compared to traditional surveys. Concluding remarks are made
in Section 6.

Fig. 1: An example of a SAS image. A cylindrical object can be seen at short range with its characteristic highlight and shadow. Deterioration of the image quality can be seen at long range.

2 TRADITIONAL SURVEY PLANNING
The traditional survey planning approach when using an AUV equipped with a side-looking sonar
is to create a series of parallel tracks referred to as a “lawn-mowing” pattern [10, 11]. Each vehicle
track enables imaging of the regions to the port and starboard side of the vehicle, and these regions
are referred to as “swaths.” On each side, there exists a pair of minimum and maximum plan ranges,
rmin and rmax , bounding the region where quality data can be collected. As rmin > 0 m, each track
executed by the AUV leaves a gap in coverage, so an additional track is needed to fill this gap. This
is illustrated in Fig. 2. When rmin and rmax are fixed, one can analytically derive the number and
positions of the tracks needed to completely cover a given rectangular search area.
Let N be the total number of tracks needed to cover the total search area width W . This width W is
perpendicular to the direction in which the AUV tracks are oriented. Also, denote by dxe and bxc the
ceiling and floor functions, respectively. Fig. 2 shows that a minimum number of survey tracks will
need to be grouped in order to fill in the gaps left between ±rmin around each track. This minimum
number of grouped tracks, n, is given by:


2rmin
n=
+1 .
(1)
rmax − rmin
Each group of n tracks completely covers a width w given by:
w = (n − 1)(rmax − rmin ) + 2rmax .
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Fig. 2: Traditional survey planning conducted with side-looking sonars. The search area begins at
t0 = 0 and the position of each track is given by ti , i = 1, ..., N. Around each track, rmin and rmax
define the regions where quality data can be collected and this creates coverage gaps around ti ± rmin .
These gaps can be covered by a minimum number of tracks n (n = 2 in this example), covering a
width w.
To design a survey covering the entire search area, one simply needs to add groups of tracks covering
a width w until the total search area width W is reached. Using (1) and (2), the total number of tracks
needed to cover the total width W is given by:

 
 
R
W
+ min
,n ,
(3)
N=n
w
rmax − rmin
where R is the remainder of the total width W not covered by a whole number of widths w and is
given by:
 
W
R =W −w
.
(4)
w
If the total width W can be covered by a whole number of widths w, than (4) yields R = 0. Finally,
if the survey is assumed to begin at the left edge of the survey area, identified by t0 = 0, the position
of track i, i = 1, ..., N is given by ti :
 
i
ti =
(rmax + rmin ) + i(rmax − rmin ) − rmax .
(5)
n

Being able to derive pre-planned surveys analytically allows one to investigate the area coverage
achieved by a survey designed with an assumed maximum sonar range that may differ from the true
maximum sonar range. Results for a standard survey area of 2 km by 2 km and a fixed minimum
sonar range of 40 m are shown in Fig. 3. First, let ra be the assumed maximum sonar range to which
quality data are collected and let rt be the true maximum sonar range. If ra = rt , represented by the
diagonal of the matrix shown in Fig. 3, the pre-planned survey will yield the minimum number of
tracks needed to achieve complete coverage and the area will be covered completely. This is the optimal case as no alternative survey strategy can achieve complete coverage while using fewer tracks.
If ra < rt , the sonar coverage is underestimated. Although complete coverage will still be achieved
in this scenario, as shown by the area above the diagonal in Fig. 3, the survey will include extra
tracks beyond the minimum number required to achieve complete coverage. Finally, if ra > rt , the
sonar coverage is overestimated, causing the survey to result in incomplete coverage. This is shown
in Fig. 3 by the area below the diagonal where the fraction of the survey area covered is smaller
than 1. Coverage gaps are not operationally acceptable as they require secondary surveys to fill-in
the gaps and result in significantly increased mission time.
These results for a survey conducted with ra 6= rt motivate the use of an adaptive survey algorithm
able to take into account in situ information about the true maximum sonar range. Such an adaptive
algorithm was designed by NURC and is briefly described in the next section.
3 ADAPTIVE SURVEY ALGORITHM
To account for the limitations of traditional pre-planned surveys, NURC developed an adaptive algorithm determining the track locations of a survey based on in situ data collected as the mission progresses [9]. Ping-to-ping correlation values, as a function of range, are used to adaptively determine
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Fig. 3: Area coverage for a pre-planned survey as a function of the assumed and true maximum
sonar ranges. The minimum sonar range is fixed at 40 m.
the true maximum sonar range to which quality data is achieved, and the locations of subsequent
tracks are based on that information. First, the mission area is discretized into a finite set of parallel regions, or swaths, and the line segments demarcating these swaths form the set of admissible
tracks. User defined increments of 10 m are typically used to discretize the search area. The set of
tracks is the universe of possible tracks from which the AUV is allowed to adaptively choose during
the survey. Since there is no human supervision during the onboard decision-making process, this
discretization provides a layer of safety that prevents unexpected commands from being made.
To begin the survey, an initial track near one edge of the mission area is selected. As the vehicle is
executing a track, the AUV’s onboard processor computes the correlation value between consecutive
pings at a given range, on each side of the sonar. The range and sonar side associated with a correlation value, when coupled with the track information, uniquely determine the swath to which each
correlation value corresponds. As the mission progresses, the algorithm keeps track of the mean correlation coefficient value for each swath. If this mean value is above a set image quality threshold,
the corresponding swath is considered to have been imaged successfully.
Once the current mission coverage has been updated, a new track must be selected. In order to do
so, the utility of running each track in the track universe is calculated. This utility is defined as the
difference between a benefit term and a cost term. The benefit expresses the improved coverage
expected to be achieved by the next track and is based on the historical imaging success rate [9].
This success rate is the ratio of the number of tracks that resulted in quality data for a given range
and sonar side over the total number of tracks executed up to that point. That is, the benefit of each
track is adapted in situ based on the data quality collected during the mission thus far. The cost of
running each particular track is a function of the transit distance required to reach the new track from
the vehicle’s current location. This distance cost is weighted by a scaling factor designed to reduce
the transit penalty as the mission progresses, and more and more of the seabed swaths are covered.
Finally, the track for which the utility is maximized is selected as the next track to be executed.
This entire process is repeated until quality sonar data has been collected for the entire mission area.
It is worth noting that the track selection process in the version of the NURC adaptive algorithm
used in this study differs from [9] by considering only potential tracks that would have a non-zero
probability of covering the “first” uncovered swath. This uncovered swath will be the left-most
uncovered swath if it is assumed that the AUV begins the mission on the left side of the survey area.
With this constraint, the mission progresses in such a way that a gap in coverage is immediately
filled in by the subsequent track. Therefore, it effectively eliminates the need to transit back across
the survey area to fill in gaps, since the gaps are immediately filled on the initial pass.
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4 DATA COLLECTED AT SEA
Since 2008, NURC has collected a large set of high resolution SAS data in various underwater environments using the MUSCLE AUV (shown in Fig. 4) equipped with a 300 kHz interferometric SAS
with a 60 kHz bandwidth. These data include DPCA ping-to-ping correlation coefficients [6] for
various sonar parameters, bottom types and water depths. Three SAS sea trials are of special interest
for assessing the performance of the adaptive survey algorithm. The representative subsets of pingto-ping correlation coefficients as a function of range selected from each sea trial are summarized in
Fig. 5. The variability of the correlation coefficients is summarized by using the median (solid line),
the 25th and 75th percentiles (dashed lines) and the 9th and 91st percentiles (dotted lines) of each
dataset. If the observed distributions were Gaussian, these five curves would be uniformly spaced.
This variability is due in part to the motion of the AUV, the variation of the surface condition and
the variation of the local seabed composition.

Fig. 4: The MUSCLE AUV being deployed.

Fig. 5: Correlation coefficients measured at sea during three sea trials.
The first sea trial, CATHARSIS, was held in March 2009 in a water depth of 34 m. In contrast, the
second sea trial, ARISE, was held in May 2011 in a shallow water area having a maximum water
depth of 17 m. CATHARSIS and ARISE were chosen as they illustrate the impact of the water
depth on the multipath contribution, which reduces the quality of the sonar images [12]. Multipath
returns are the result of reflections from seabed objects traveling to the sea surface and then to the
sonar receiver, as opposed to directly back to the sonar [5]. They overlap in time with arriving
bottom returns and reduce the value of the ping-to-ping correlations. This multipath phenomenon
can be very significant when operating in a shallow water environment. This can be seen in Fig. 5
as the values of the correlation coefficients at long range tend to be smaller for ARISE compared
with CATHARSIS. The CATHARSIS dataset contains 4837 correlation coefficient curves, while the
ARISE dataset contains 4108 curves.

ICoURS’12 - International Conference on Underwater Remote Sensing

8 - 11 October 2012

In addition to multipath, significant vehicle motion can also have a negative impact on the quality
of the data collected and reduce the value of the correlation coefficients. In particular, large variations in sway and yaw can severely degrade the quality of the sonar coverage [6]. To illustrate this
phenomenon, the third sea trial chosen for this study was the Italian Navy Mine Hunting Exercise
held in November 2011 (MINEX). This sea trial was held in the same area as the ARISE sea trial,
but increased currents induced adverse vehicle motion and decreased the maximum imaging range
achievable. This phenomenon can be clearly observed in Fig. 5. The MINEX dataset includes 4032
correlation coefficient curves.
5 PERFORMANCE ASSESSMENT
In this section, the performance of the NURC adaptive survey algorithm is compared with the performance achieved by traditional pre-planned surveys. First, a baseline performance assessment is
conducted by assuming constant imaging ranges. Then, simulations based on the real data introduced in Section 4 are used to assess the operational performance of the adaptive survey algorithm.
For this performance assessment, the minimum imaging range is assumed to be fixed at 40 m on both
the port and starboard sides of the sonar. This is done in order to isolate the performance dependence
on rmax , as much larger variations of data quality are observed at long range than at short range.
5.1 Performance Assessment with Constant Range
The first step in assessing the performance of the adaptive survey algorithm described in Section 3
is to compare this algorithm to pre-planned surveys based on perfect knowledge of the maximum
imaging range. Furthermore, this maximum range is assumed to be constant for all tracks and for
both the port and starboard sides of the sonar. Using ping-to-ping correlation coefficients, this is
expressed mathematically by setting the values of the correlation coefficients at range r from each
side of the sonar to 1 within the interval rmin ≤ r ≤ rmax , and to 0 elsewhere. A representative survey
area of 2 km by 2 km is chosen for this performance assessment. The total distance travelled is
based on the real design of seabed mapping surveys and includes the length of each track, a 30 m
lead-in and lead-out for each track and optimal turning manoeuvres between tracks given by Dubins
curves [13]. A turning radius of 40 m was used for the AUV.
Fig. 6 shows the total distance to be travelled to achieve 100% coverage for the adaptive and preplanned surveys as a function of the true maximum imaging range. The results for the pre-planned
surveys are based on perfect knowledge of the sonar performance, and as such provide a bound on
the performance that can be achieved. No other strategy can reach complete coverage in a shorter
distance. It can be observed that the adaptive approach, assuming no a priori knowledge, can sometimes match this theoretical optimum.
As perfect knowledge is never truly available, these results indicate that the NURC adaptive survey
algorithm can yield a better performance than a pre-planned approach constructed with rmax different from the true sonar range, rt . This is illustrated in Fig. 6 by the dash-dot blue line representing
the distance to be travelled for a pre-planned strategy based on rmax = 100 m. This line begins at the
optimal case rt = 100 m on the perfect knowledge curve (in red), and extends to the right. It remains
horizontal as the distance to be travelled for this pre-planned strategy does not change as rt increase,
for rt ≥ 100 m. Also, as this strategy does not achieve complete coverage for rt < 100 m, the line is
not extended to the left of its starting point. It can be observed that for a true maximum sonar range
between 100 and 102.5 m, the pre-planned strategy outperforms the adaptive survey. However, for
the interval between 102.5 and 105 m, the performances of both strategies are identical and for a true
sonar range greater than 105 m, the adaptive survey outperforms the pre-planned strategy by yielding shorter distances to be travelled to achieve 100% coverage. Furthermore, for true sonar ranges
shorter than 100 m, the adaptive survey also outperforms the pre-planned strategy as the latter fails
to achieve 100% coverage by overestimating the true sonar range.
Finally, Fig. 6 also shows that in some instances, one has to recognise that the adaptive approach will
not always produce significant gains over a pre-planned strategy. This is illustrated by the dashed
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Fig. 6: Total distance needed to be travelled as a function of the true imaging range to achieve 100%
coverage for adaptive and pre-planned surveys. The pre-planned strategies with rmax = 100 m and
rmax = 120 m do not achieve 100% coverage for true sonar ranges shorter than rmax .
blue line representing the distance to be travelled for a pre-planned strategy based on rmax = 120 m.
It can be seen that the adaptive survey outperforms the pre-planned strategy for true sonar ranges
shorter than 120 m and greater than 148 m. However, the pre-planned strategy outperforms the
adaptive algorithm for a large range interval from 120 to 148 m.
5.2 Simulations
The performance assessment of the adaptive survey algorithm needs to be extended to real operations
at sea where the maximum range varies between tracks and between the port and starboard acoustic
arrays. A standard way of achieving this operational performance assessment would be to conduct a
series of adaptive and pre-planned surveys during the same sea trial and compare their performance
in terms of coverage achieved and distance travelled. However, multiple surveys would have to be
completed to build a large statistical sample, and this would take a significant amount of time. The
alternative to at-sea testing is to use simulations based on the real data introduced in Section 4 to
recreate the environmental and operational conditions experienced during the trials and generate a
large number of surveys synthetically.
As described in Section 3, the adaptive survey algorithm is designed to achieve 100% coverage of
a search area. As such, in order to compare the performance of an adaptive survey with the performance of the pre-planned surveys, the fundamental constraint that satisfactory pre-planned surveys
have to achieve 100% coverage is imposed. A survey not achieving 100% coverage is not operationally desirable as it would require a secondary survey to fill in the coverage gaps. This additional
survey would require a significant amount of additional time and resources as the AUV would need
to be recovered, the raw data from the first survey would have to be downloaded and analysed to
locate the coverage gaps, the second survey would have to be designed and the AUV would have
to be redeployed. The optimal survey is therefore the one that achieves 100% coverage with the
shortest total distance travelled. As SAS based surveys are usually conducted at a constant speed,
this shortest distance objective is equivalent to a shortest time objective. In the case of the MUSCLE
AUV, this constant mission speed is usually set to 1.5 m/s.
For each sea trial dataset shown in Fig. 5, the performance of the adaptive approach is compared
with the performance of a finite set of pre-planned surveys, designed with a fixed rmax going from
60 m to 150 m, in increments of 10 m. This finite set of pre-planned surveys is chosen as a realistic
set of potential options an operations planner would consider. This is also in line with the decision
of discretizing the search area in increments of 10 m for the adaptive planning algorithm. Therefore,
for each dataset, eleven survey designs are compared: one adaptive and ten pre-planned. For each
of these eleven survey designs, 5000 simulations are used to conduct the performance assessment.
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During a given simulation, each track selected within a survey is associated with two curves of correlation coefficient values as a function of range. These two curves are used as the mean correlation
coefficient curves from the port and starboard sides of the sonar. Each correlation curve is randomly
drawn with repetition from the sea trial dataset. In the case of the adaptive approach, a given track
can be revisited and when this happens, different correlation coefficient curves are drawn. As in [9],
the image quality threshold is set to a minimum correlation coefficient value of 2/3 and the regions
within the search area associated with correlation coefficient values exceeding this threshold are
considered to have been imaged successfully. Once again, a search area of 2 km by 2 km is used.
Fig. 7 compares one of the pre-planned surveys, one based on rmax = 150 m, to a survey obtained
with the adaptive algorithm for the ARISE case. It can be seen that the legs of the pre-planned survey
are grouped in pairs and ordered in an increasing manner from west to east. In contrast, the legs of
the adaptive survey are not uniformly spaced and the ordering of the tracks is not monotonically
increasing from west to east. For the adaptive survey, the algorithm processes the simulation inputs
and builds survey solutions achieving a fixed 100% coverage. Each solution can have a different
total distance to be travelled. This situation is reversed for the pre-planned approach. The surveys
have a constant distance to be travelled as the selected tracks do not change from one simulation
to another. However, the final area coverage achieved will differ between simulations as the preplanned surveys are designed independently of the correlation curve inputs. This is illustrated in
Fig. 8 for the ARISE case. The grouping of distances around increments of about 2.5 km in the
adaptive survey case illustrates the fundamentally discrete nature of the distances to be travelled
based on the number of tracks to be visited.

(a)

(b)

Fig. 7: Examples of survey paths for different strategies (the order of the tracks is shown by the
numbers at the bottom of each track): (a) pre-planned survey; (b) adaptive survey.

5.3 Performance Assessment with Variable Range
The performance assessment of the simulation results from the previous section are summarized in
Figs. 9 to 12. The results for the CATHARSIS scenario are summarized in Figs 9 and 10. The
CATHARSIS scenario is of particular interest as it is a standard example of a deep water environment allowing for a greater imaging range than shallower environments. Also, the variability of
the correlation coefficient curves is smaller than for the ARISE and MINEX cases. First, the performance of the selected set of pre-planned strategies is considered. Fig. 9 shows the probability
of achieving 100% coverage for each of the pre-planned strategies (for each sea trial considered).
This probability of achieving complete coverage corresponds to the number of simulations where
100% coverage was achieved by a given strategy over all 5000 simulations. The 100% coverage
constraint for pre-planned surveys means that for a given pre-planned strategy to be considered satisfactory, it has to be associated with a probability of 1 of achieving 100% coverage. For instance,
the CATHARSIS results in Fig. 9 show that the pre-planned strategy based on rmax = 130 m had a
0.94 probability of achieving 100% coverage. While this probability is high, the pre-planned strat-

ICoURS’12 - International Conference on Underwater Remote Sensing

8 - 11 October 2012

(a)

(b)

Fig. 8: Examples of simulation results. (a) The pre-planned surveys have a fixed distance to be
travelled (22.76 km), but a variable area coverage; (b) the adaptive survey provides a fixed 100%
coverage, but a variable distance to be travelled.
egy with rmax = 130 m cannot always guarantee complete coverage, as would the adaptive strategy,
and therefore has to be rejected.
For the CATHARSIS scenario, the distribution of the coverage achieved as a function of the total
distance travelled for each pre-planned strategy considered is shown in blue in Fig. 10(a). Each
strategy is represented by a vertical error bar delimited by the minimum and maximum coverages
achieved for each fixed distance to be travelled. The solid blue line connects the median coverages
achieved by each strategy. It can be seen that if the chosen rmax is greater than 120 m, the 100%
coverage constraint is violated and these pre-planned strategies must be discarded. For rmax less
than or equal to 120 m, 100% coverage was always achieved. Therefore, the pre-planned strategy
with rmax = 120 m is the best strategy within the finite set of pre-planned strategies as it minimizes
the distance to be travelled. This pre-planned strategy must then be compared to the performance of
the adaptive survey algorithm. In Fig. 10(a), the perfomance of the adaptive survey is represented
by a red horizontal error bar delimited by the minium and maximum distances to be travelled to
reach 100% coverage. The black circled star represents the median distance achieved over all 5000
simulations.

Fig. 9: Probability of achieving 100% coverage for various pre-planned strategies.
To facilitate the comparison between the adaptive and pre-planned surveys, Fig. 10(b) shows in red
the cumulative distribution function (CDF) of the distances obtained with the adaptive algorithm.
This CDF is compared with the distances to be travelled for the pre-planned surveys achieving
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(a)

(b)

Fig. 10: Results for CATHARSIS. (a) Coverage and distance variability; (b) distance CDF for the
adaptive survey, compared with the distances of pre-planned surveys achieving 100% coverage.

(a)

(b)

Fig. 11: Results for ARISE. (a) Coverage and distance variability; (b) distance CDF for the adaptive
survey, compared with the distances of pre-planned surveys achieving 100% coverage.

(a)

(b)

Fig. 12: Results for MINEX. (a) Coverage and distance variability; (b) distance CDF for the adaptive
survey, compared with the distances of pre-planned surveys achieving 100% coverage.
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100% coverage with probability 1 (represented by vertical dashed blue lines). It can be seen that
the median distance achieved by the adaptive survey is 31.68 km, 8.3% longer than the 29.25 km
to be travelled with the best pre-planned strategy based on rmax = 120 m. Furthermore, there is a
0.26 probability that the adaptive algorithm will yield a solution with a shorter distance than the preplanned strategy with rmax = 120 m and a 0.99 probability that the distance to be travelled will not
exceed the distance of the second best pre-planned strategy with rmax = 110 m (40.60 km). Given
that in a real life scenario the best rmax for a pre-planned strategy is unknown, these results demonstrate the added-value of the adaptive survey algorithm as a form of insurance policy guaranteeing
that 100% coverage will be achieved. Under conditions similar to the CATHARSIS sea trial, the
adaptive survey would reach 100% coverage at the cost of a total distance travelled comparable to
the distance that could be achieved if the best maximum imaging range was known a priori.
The performance results for the ARISE sea trial are summarized in a similar way as for the CATHARSIS scenario in Figs. 9 and 11. The ARISE trial is of significant interest as it is a representative
example of a littoral environment with shallow water where multipaths degrade the imaging performance of SAS systems and reduce the maximum imaging range achievable. The results shown in
Fig. 5 also indicate that the variability of the correlation coefficient curves is much higher than in
the CATHARSIS case. While the best pre-planned strategy for the CATHARSIS case was based
on rmax = 120 m, Figs. 9 and 11(a) show that the best pre-planned strategy for ARISE was based
on a shorter range rmax = 110 m, which is consistent with the presence of multipath effects. This is
particularly interesting when compared to the adaptive survey results shown in Fig. 11(b). It can be
seen that the median distance to be travelled for the adaptive survey is 33.99 km, 16.3% shorter than
the distance to be travelled for the best pre-planned strategy (40.60 km). Furthermore, there is a 0.94
probability that the adaptive approach will yield a solution having a shorter distance to be travelled
than the rmax = 110 m solution. Under a real life scenario like the ARISE sea trial, and when using
a finite set of pre-planned stategies and a discretization in increments of 10 m, it therefore appears
that the adaptive survey algorithm can outperform the traditional pre-planned survey approach based
on a fixed sonar range.
The results for our last scenario, MINEX, are shown in Figs. 9 and 12. As was mentioned before, the
MINEX exercise was conducted in the same shallow water area as the ARISE sea trial, but currents
caused adverse vehicle motion and the imaging range was significantly reduced. This scenario is a
clear illustration of the benefit of using an adaptive survey algorithm, as can be seen when comparing
Figs. 11(a) and 12(a). If one was to use the results from ARISE and base the pre-planned survey on
rmax = 110 m, the coverage achieved would never satisfy the 100% coverage constraint. Fig. 12(b)
shows that the median distance achieved by the adaptive survey is 53.54 km, 7.0% longer than the
50.05 km achieved by the best pre-planned strategy based on rmax = 90 m. Also, there is a 0.16
probability that the adaptive algorithm will yield a solution with a shorter distance than the best preplanned strategy and a probability of 1 that the distance to be travelled will not exceed the distance
of the second best pre-planned strategy with rmax = 80 m (59.31 km). These results once again
show that the adaptive survey algorithm guarantees 100% coverage, even under adverse operating
conditions, at the cost of a total distance travelled not much higher than could be achieved if the best
pre-planned survey was known.
6 CONCLUSIONS
This paper quantified the performance of the new NURC adaptive survey algorithm when compared
to traditional pre-planned surveys. First, after deriving traditional pre-planned surveys analytically,
a baseline performance assessment was conducted using constant maximum sonar ranges. It was
found that the adaptive strategy assuming no a priori knowledge could sometimes match the optimal
case in which perfect knowledge of the sonar performance was assumed. Then, real data collected
at sea with the MUSCLE AUV were used to obtain an operational performance assessment. It was
found that when the maximum sonar imaging range is variable, the adaptive survey algorithm can
outperform traditional surveys based on a fixed maximum sonar range. Using an adaptive survey
guarantees 100% coverage for a total distance to be travelled comparable to the minimum distance
that could be achieved if the best fixed range pre-planned survey was known. Given that in a real life
scenario this best fixed range strategy is unknown, the results demonstrate the added-value of the
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adaptive survey algorithm as a form of insurance policy guaranteeing that complete coverage will be
achieved.
The NURC adaptive survey algorithm has already been implemented on the MUSCLE AUV and
preliminary experiments were held in 2011. More rigorous testing of the algorithm at sea will be
performed during the ARISE 2012 sea trial planned for October 2012.
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