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Abstract: We present a submodular optimization approach for acoustic sensor placement using
the MARLIN digital twin. Our objective is to select sensor locations in a region off the coast
of Victoria, Australia, to maximize detection performance across the environment. The sensor
placement problem is formulated as a submodular set function, allowing the use of a greedy
algorithm that guarantees solutions within a known bound of the optimum. MARLIN provides
a high-fidelity simulation environment using open-source oceanographic and bathymetric data.
We generate 2, 840 candidate sensor locations and compute acoustic propagation loss using
the PyRAM model, incorporating environmental variability. Detection probability is estimated
from signal-to-noise ratios, and the joint detectability across the region is evaluated for different
sensor configurations. We compare sequential and simultaneous sensor placement strategies,
analysing their impact on detection performance and computational efficiency. Results show
that the greedy submodular approach achieves near-optimal detection with orders-of-magnitude
fewer evaluations than brute-force search, making it practical for large-scale deployments. The
study demonstrates the effectiveness of submodular optimization for sensor placement in com-
plex marine environments and discusses trade-offs between placement strategies.

Keywords: Passive acoustics, Sensor Placement, Submodular Selection

1



1. INTRODUCTION

Passive acoustic underwater sensors are key to providing monitoring and deterrence in ocean
environments. Their ability for long-range sensing makes them suitable for a range of applica-
tions; however, complex acoustic propagation makes optimal placement of them challenging.
Temperature, salinity, and pressure gradients all influence the way sound travels through the
water column, leading to sound channels where sound can travel hundreds of kilometres, and
‘shadow’ zones where little can be heard.

Many studies optimise the placement of these sensors using a simple detection range calcu-
lation based on water column properties of the surrounding area. This is not valid for regions
with highly varying bathymetry and strong sound speed gradients where the propagation is non-
uniform across the domain. To predict the sonar performance, acoustic propagation simulations
are required to accurately determine how the sound energy travels through the region of interest.
Studies have previously done this and extended it to Nx2D simulations to create a 3D placement
algorithm but still assume their detection range is only as far until the first time the detection
probability falls below a threshold [6]. This is also an assumption that should be challenged, as
having gone through the computational effort to calculate the propagation loss a more holistic
approach can be used looking at the entire domain.

If one were to consider the efficacy of choosingN sensors from a set S with |S| = R, gener-
ally this would involve evaluating R choose N selections of sensors to decide which selection
was the best. This set of sensor selections to evaluate grows withO

(
RN

)
for N << R, which

quickly becomes intractable. To combat this, we leverage the field of submodular optimisation,
which gives conditions under which we can perform a greedy selection of sensors in batches of
K and still get within a known bound of the optimal solution.
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Figure 1: (a) Map of the region of interest off the Victoria coast in Australia. The red line
shows the transect used in this study. (b) Example of the propagation loss from a
single sensor to a target. The colour bar shows the propagation loss in dB. The red
line shows the sound speed profile of the water column.

2. METHODOLOGY

In this paper we selectN sensor positions from a set of |S| = 2, 840 possible sensor locations
from a region of interest off the coast of Victoria, Australia (Fig. 1a), using submodular opti-



mization methods. We further show how choosing sensors in small groups of K can improve
proximity to the optimal solution while substantially reducing computation time.

2.1. SUBMODULAR FUNCTIONS

Given a set S with |S| = R with subset S ⊆ S , we can define a set function f (S) : 2R → R
that maps the selection S from the set S onto a scalar. We further let the empty set be denoted
∅. Set functions have several properties that we leverage and are presented here in brief.

Definition 1. A set function f (S) : 2R → R is monotone increasing if, for all subsets A ⊆
B ⊆ S it holds that f (A) ≤ f (B).

Definition 2. A set function f (S) : 2R → R is submodular if, for all subsets A ⊆ B ⊆ S and
s /∈ B, then

f (A ∪ {s})− f (A) ≥ f (B ∪ {s})− f (B) . (1)

Definition 2 implies adding an element to a smaller set should result in a larger increase to
the set function than adding the same element to a larger set (which contains the smaller set).
This is often referred to as the set function exhibiting ”diminishing returns”.

A canonical example of a monotone increasing submodular function stems from the facility
location problem.

Example 1 (Facility Location Problem [3]). Let Ω be a set of clients and S be a set of facilities.
Let d : Ω× S → R be the cost of assigning a given client to a given facility. For each client i
and subset of facilities S ⊆ S , define fi(S) = maxs∈S d(i, s). The value of a non-empty S is

f(S) =
∑
i∈Ω

fi(S) =
∑
i∈Ω

max
s∈S

d(i, s), (2)

and f(∅) = 0. The objective is to select the subset of facilities S of size |S| = N that maximizes
f(S). The set function f(S) is a monotone increasing submodular function.

The maximization of a cardinality N set selection problem is NP-hard. However, for the
special case of monotone increasing submodular functions, an efficientK-step greedy selection
approach performs within 37% of the optimal set selection S∗.

Proposition 1 ([4]). Consider selecting N elements from the set S which optimizes the value
of a monotone increasing submodular cost function f (S) for some S ⊆ S . If we select these
elementsK ≤ N at a time in a greedy fashion whereK dividesN evenly, then f (S) will satisfy

f (S)− f (∅)
f (S∗)− f (∅)

≥ 1−
(
q − 1

q

)q

≥ 1− 1

e
≈ 63% as q → ∞, (3)

where q = N/K ∈ Z+.

In practice, theK-step greedy algorithm often performs much better than these bounds. This
result also extends to cases where K does not evenly divide N , but we do not consider them
in this paper. A graphical interpretation of these results is shown in Fig. 2a. We can also get
an intuitive understanding of the computation required to solve these problems optimally by
examining Fig. 2b. As an example, it takes approximately 1,000 times more work to evaluate
theK = 3-step greedy selection for a set of sizeR = 850 than it does to evaluate theK = 2-step
greedy selection from a set of size R = 500.
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Figure 2: (a) Theoretical submodularity selection bounds on optimality from Eq. 3. If we want
to select a total of N elements in batches of K, this shows us how close the final set
will be to the performance of choosing N elements in a single batch of N .
(b) Relative work to evaluate R-choose-K element selections. This represents how
much relative computation is required to select a single batch of K elements from a
set of size R. Each line represents the same amount of work. Lines are drawn on
each order of magnitude of increasing work.

2.2. PROBLEM STATEMENT

A set of 2, 840 possible sensor locations is generated using a uniform distribution across
the region of interest from a depth of 0-2000m. From this, we use the MARLIN digital twin
(developed on from work in [1]) to simulate the propagation loss using the PyRAM propagation
model from every possible sensor location across the domain. PyRAM is a range-dependent
acoustic propagationmodel that uses the split-step Pademethod to calculate the propagation loss
from a source across 2D environment [2]. As propagation loss can be assumed to be reciprocal,
that is the propagation loss from a sensor to a target is the same as from the target to the sensor,
we can calculate the propagation loss from every possible sensor location to every point in the
region of interest. We take environmental data from the Copernicus Marine Service, which
provides water column properties such as temperature, salinity, and pressure. Bathymetry data
is taken from the GEBCO dataset, which provides global bathymetry data [5]. The probability
of detection is then calculated using the signal-to-noise ratio (SNR) and a logistic function to
map the SNR to a probability of detection.

Let Ω be the set of points of interest in the region and S be the set of possible location. For
each point of interest i and sensor s, let the probability of detection be d(i, s). Selecting a subset
ofN sensors S ⊆ S that maximizes the average detectability f(S) = 1/|Ω|

∑
i∈Ωmaxs∈S d(i, s),

is an instance of the Facility Location Problem from Example 1. This implies that the average
detectability f(S) of a set of sensors is monotone increasing submodular function, so aK-step
greedy selection of N sensors will be near optimal according to the bounds in Eq. 3.

3. RESULTS

In this section, we will examine the output of a submodular sensor selection problem to
a transect off the Victorian coast. If we choose the one sensor that maximizes the average
detectability, we can see the output in Fig. 5a. If we instead want to choose two sensors out



of the 2, 840 possible sensor locations (see Fig. 3), we would need to evaluate 2840 choose 2,
which is approximately 4 × 106 possible pairs. We can see the output of the best selection in
Fig. 5d, with an average detectability of µ = 0.69. We leveraged our submodularity results (Eq.
3) to instead choose two sensors sequentially knowing that in the worst case we will get within
37% of the optimal value (see Fig. 2a). Choosing sensors this way will result in evaluating
only 5679 sensor placements which is almost 700x fewer evaluations compared to the optimal
selection. Figure 5c shows that our average detectability using this method is µ = 0.68, which
is within 1.5% of the true optimal we obtained from a brute-force search seen in Fig. 5d. Figure
5b also shows the theoretical lower bounds forK < N from Eq. 3.

Figure 3: Sensor locations: uniformly distributed between 0-2km depth along the entire do-
main.

We also evaluated selecting three sensors simultaneously, which is 2,840 choose 3 or approx-
imately 3.8× 109 possible triples. Using the submodular approach selecting individual sensors
sequentially we need to evaluate 8, 517 sensor placements, which is more than 447,000x faster.
One might be tempted to perform a random sensor selection since computing the optimal value
for large selections is difficult. We can see in Fig. 4 that selecting N = 4 sensors randomly
resulted in an average detection probability of µ = 0.74 compared to the average detection
probability µ = 0.88 of the greedy selection K = 1. In Fig. 5b, we can see how the average
detectability increases with the number of sensors selected N . We also see that we do better as
the sensors are chosen in larger groups K, up to the globally optimal value of N = K.

(a) (b)

Figure 4: (a) Single random selection ofN = 4 sensors with µ = 0.75. (b) Average detectabil-
ity of a random selection of N = 4 sensors over 50 iterations with µ = 0.74.
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Figure 5: Selecting multiple sensors to maximise average detectability. (a) N = K = 1, (c)
N = 1, K = 2, (d) N = K = 2, (e) N = 1, K = 3, (f) N = K = 3, (g)
N = 1, K = 4, and (h) N = K = 4. The compute resources for case (h) was 1357x
more than for (g), yet the average detectability of (g) was within 1%. (b) Average
detectability for N = Kand N < K.



4. DISCUSSION

Sequential sensor placement impacts detection performance differently than simultaneous
placement, but practical constraints also play a role. For rapid deployment, placing the first
sensor at the location with the highest average detectability and then selecting subsequent sen-
sors to maximize the average detectability of the remaining locations enables high detection
performance at the start of a deployment. However, this approach does not achieve the same
overall detection performance as placing sensors using a simultaneous approach. For long-term
deployments, simultaneous placement yields higher detection performance across the region of
interest, as shown in Fig. 5b. Placing the sensors simultaneously allows for a more holistic
view of the region, as the sensors can be placed in locations that complement each other, rather
than just maximizing the average detectability of the remaining locations.

Computation time is a key factor in the sensor placement problem. This study has used 2,840
simulated sensor locations which takes up to a week to compute on a standard desktop com-
puter. This could be significantly reduced by using a high-performance computing cluster to
run in parallel, but this is not always available. If one then had to evaluate the performance of
every possible sensor placement, this would take an intractable amount of time. Submodular
optimization allows us to reduce the number of evaluations required to find a near-optimal solu-
tion. Taking the example of selecting two sensors from 2,840 possible locations, we can reduce
the number of evaluations from approximately 4 × 106 to 5,679, which is a significant reduc-
tion in computation time. To see how quickly the computation gets completely intractable, we
can consider selecting 10 sensors from 2,840 possible locations, which results in approximately
9.2 × 1027 comparisons in the optimal case, but only 28,355 comparisons with a batch size of
K = 1. This reduction in computation time is crucial for practical applications, as it allows for
rapid deployment of sensors in the field.

5. CONCLUSION

This study has shown that submodular optimization can be used to select sensor locations in
a region of interest to maximize the detection performance of the sensors. Using a submodular
approach allows us to reduce the number of evaluations required to find a near-optimal solution,
which is crucial for practical applications. In real terms, we can reduce computation time of
evaluating sensor locations by a factor of 700x for two sensors and 447,000x for three sensors.
This makes the near-optimal deployment of modern multi-sensor deployments feasible in a
reasonable time frame. An understanding of the trade-offs between sequential and simultaneous
sensor placement is also important, as it can impact the detection performance of the sensors.
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