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Abstract—This study addresses the optimization of the place-
ment of multiple acoustic sensors for shooter localization and
event classification in urban environments. Using ray casting
solutions of the Eikonal equation, the shortest propagation paths
in the urban model are computed for all source-receiver pairings.
Subsequently, the expected Times of Arrival (TOAs) from virtual
sources are used to evaluate the localization performance of a
given sensor setup using a Monte Carlo approach. Similarly, the
modelled signal paths are used to estimate the signal-to-noise
ratio (SNR) of the source at the sensor level in order to predict
the expected classification performance. Subsequently, a genetic
algorithm solves the underlying optimization problem based on
these performance metrics and identifies optimal sensor network
configurations for shooter localization and event classification
within the urban environment. The method is experimentally
validated using audio data of propane gas cannon shots recorded
at the French-German Research Institute of Saint-Louis.

Index Terms—optimization, variance, sensor placement, clas-
sification, localization, ray casting

I. INTRODUCTION

Impulsive sound sources, such as gunshots or explosions,

can indicate acute threats that need to be identified and local-

ized, and acoustic sensors can make a valuable contribution for

surveillance purposes of impulsive events. For example, acous-

tic microphone arrays can determine a shooter state based on

the directions of arrival (DOA) of the muzzle blast and the

shock wave and the corresponding time difference between

the aforementioned acoustic events [1]–[5]. To monitor larger

areas, (unsynchronized) sensor networks consisting of dislo-

cated individual microphones can be used to determine the

shooter location based on time difference of arrival (TDOA)

measurements. Aspects of the two-dimensional and three-

dimensional TDOA-based localization problem examined in

the literature include observability considerations, numerous

estimation algorithms, and localization accuracy [6], [7]. It is

known that the localization accuracy depends on the number of

sensor nodes, the measurement accuracy and, in particular, the

placement of the network sensor nodes w.r.t. the sound source

location [6], [8]. In [9], a splay configuration with equal angle

increments between neighboring sensors has been suggested

in order to improve the source localization accuracy.

Enhancing safety measures in urban settings requires the

development of effective shooter localization and event classi-

fication systems. Compared to free-field conditions, the urban

environment significantly influences sound propagation in the

complex propagation channel by introducing reflections and

diffractions. Consequently, the interpretation of the received

signals to enable an accurate shooter localization and event

classification is a challenging task. However, if the urban

environment is accurately known, source localization can be

improved [10], [11] or enabled in non-line-of-sight conditions

[12], [13] by exploiting multipath signal propagation effects.

For a given source-receiver pairing, the shortest path of the

wave propagation in the considered urban environment can

be determined by using ray casting solutions of the Eikonal

equation [14].

In order to accurately locate military threats, such as gun-

shots or explosions, it is important to also classify them

accordingly, to mitigate false alarms and to be immune to

countermeasures [15]. To that end, the ISL has developed a

multi-label AI-based embedded sound signature classification

system capable of discriminating between Firearm, Motorised

road vehicle, Speech and Background noise acoustic samples.

Its reliability can be evaluated by traditional metrics that

require a human user to choose a classification threshold, such

as its sensitivity (true positive rate) or specificity (true negative

rate), although more objective classification performance met-

rics encompass the entire spectrum of classification thresholds.

Such metrics include the Receiver Operating Characteristic

(ROC), allowing for a qualitative analysis and comparison,

or the Area under ROC (AUROC), quantifying the overall

performance of a system. These metrics have unique values for

each class of interest, and were used to show that the sensor

placement has an impact on its classification performance.

Furthermore, the localization of an acoustic source using

microphone arrays has been solved by exploiting incomplete

measurement data sets [16]–[18], incorporating urban envi-

ronments [10], and considering imprecise or unknown sensor

state information [17]. A genetic algorithm has been proposed

to optimize the array sensor locations and to enhance the



localization performance, which was successfully validated in

simulations and experimental measurements [19], [20].

Since the locations of the acoustic sensor nodes are of

significant importance w.r.t. the achievable surveillance per-

formance, two tasks are considered in this paper: TDOA-

based localization and event classification in urban environ-

ments. In order to apply the genetic algorithm in [20] to

the aforementioned cases, we propose metrics that predict

the corresponding surveillance performance for given sensor

locations. Firstly, in order to predict the expected TDOA-

based localization performance, a Monte Carlo approach is

proposed. It involves the computation of solutions of the

wave equation within urban models by employing ray-casting

and graph traversal algorithms. A variance metric is derived

from sound propagation simulations as a cost function for the

TDOA sensor placement optimization algorithm. Secondly,

for the expected classification performance, the ray-casting

method was used to estimate the source-to-sensor propagation

distances and the sound absorption due to the propagation.

Therefore, if the source intensity is known, the SNR and

implicitly the classification performance can be estimated.

The resulting classification performance metric is evaluated

as the average of the expected AUROC and of the true

positive prediction probability. Validation of this approach was

conducted through experiments at the ISL, emphasizing the

pivotal role of sensor placement in shooter localization and

event classification accuracy.

II. LOCALIZATION AND CLASSIFICATION METHODOLOGY

A. TOA Computation

The propagation of small pressure perturbations in a

medium due to an acoustic source is modelled by the linearized

inhomogeneous wave equation [21]:
(

∇2 −
1

c2
∂2

∂t2

)

p(x, t) = f(x, t). (1)

where c is the speed of sound in m/s, t is the time in s, p is

the pressure and f(x, t) is the source function. When solely

the time component of the wave equation is of interest, it

is sufficient to compute the solution of a reduced form of

the wave equation, the Eikonal equation. The solution of the

Eikonal equation for a given source position maps the travel

time of the first wave front to space. The Eikonal equation

can be derived from the linearized wave equation with the

assumptions, that the amplitude of the wave does not depend

on time or frequency and is given by [22]:

|∇Φ(x)|2 =
1

c2(x)
, (2)

where Φ(x) is the travel time function. The solution is trivial

when line of sight is possible since then the travel time is

simply t = r/c, where r is the propagation distance. However,

when line of sight is not possible, the shortest path of travel

time needs to be identified, which can become challenging

depending on the shape of the sub surfaces and numbers of

polygons the intersected objects are made up by.

In our previous research, the Finite Element Method has

been effectively employed to solve wave equations with

boundary conditions in the context of source localization prob-

lems in urban terrain [14]. However, an alternative approach

utilizing the ray solution of the Eikonal equation offers a

promising avenue for the efficient computation of travel times

for source-receiver pairings. This method presents opportu-

nities for improved computational efficiency and warrants

exploration as a potential alternative to existing methodologies

and will be used throughout this work. Computation steps for

the solver are visualized in Fig. 1.

Fig. 1: A visualization of the optimal path of shortest travel

time using the ray casting solver given simple polygon shapes.

Firstly, intersections are detected by ray casting along the

path from point A to point B. In cases where a direct line of

sight is not possible, graph nodes are generated on the hull

of impacted objects depending on the neighbouring geometry.

Next, an adjacency matrix is initialized using line of sight

checks for all point combinations on the hull using ray casting.

Subsequently, a graph is established based on the adjacency

matrix. Computing the propagation time of a pressure wave

along the edges, the corresponding edge weights are assigned.

The identification of path in the graph representing the shortest

travel time in the weighted graph is accomplished using an

A*-search algorithm. The time of flight of the weights is

integrated along the ray-path to determine the solution of the

Eikonal equation, the wave’s travel time. The solver generates

a symmetric matrix of TOAs between all pairs of the Npt

registered grid points within a given grid in R
3:
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(3)

where t1,j is the time of flight from the first point to the jth

point, as well as the corresponding distance matrix D which

contains the shortest paths and the vector of grid points p =
[p1, p2, · · · , pNpt

]. Finally, transport equations along the ray

path are evaluated to compute the amplitude.

B. TDOA matching grid-based localization

The single shooter localization algorithm used in the scope

of this project relies on a TDOA matching approach. A net-



work of Snodes time-synchronised sensors is being deployed

at various grid points of a pre-modeled urban environment

comprised of Npt grid points. Each sensor is capable of

independently detecting acoustic events associated to shots and

of extracting their timestamp, in an absolute time referential

shared by all sensors.

Each sensor-provided TOA is defined as tseni , with i ∈
{1, ..., Snodes}, and the individual tseni scalars corresponding

to one event compose the T sen vector of absolute measured

TOAs, ordered according to the sensor index i. The minimum

TOA value of a vector is defined as tsenmin = min(tseni ) and its

sensor index iref corresponds to the index of the sensor that

has generated tsenmin. This reference index will be used later in

the TDOA matching approach.

Then, based on these values, we generate a vector of

TDOAs. The coordinates of this T sen
∆

vector are computed

as follows:

tseni∆ = tseni − tsenmin (4)

The time matching approach searches within the list of

registered grid points pj the point p∗ whose corresponding

vector of model TDOAs Tmod
∆

(pj) minimizes the Euclidean

norm relative to the sensor-provided T sen
∆

vector:

L2(pj) = ||T sen
∆ − Tmod

∆ (pj)||2, (5)

where T sen
∆

, Tmod
∆

(pj) ∈ R
Snodes , pj ∈ R

2 and j ∈
{1, ..., Npt}.

The vectors of model TDOAs Tmod
∆

(pj) are computed based

on the vectors of absolute model TOAs as follows:

tmod
i∆ (pj) = tmod

i (pj)− tmod
iref

(pj), (6)

where iref is the previously-extracted reference sensor index.

Finally, each absolute tmod
i (pj) value is extracted from the

pre-computed model as the TOA from a source located at a

grid point pj of coordinates (xj , yj) to the sensor of index i.
The p∗ grid point that minimizes the aforementioned Euclidean

distance is considered to be the estimated source location.

C. Sound signature classification

The ISL embedded and multi-label sound signature clas-

sification system used in the scope of this study is capable

of classifying Firearm, Motorised road vehicle and Speech

audio samples, with all other audio samples, including false

alarms, being implicitly classified as Background noise. The

classifier first converts the input audio stream to a time-

frequency representation using Continuous Wavelet Trans-

forms [23]. These spectral representations are then converted

to images and classified using a multi-layer AlexNET [24]

image classifier, offering an excellent trade-off between the

classification performance and the computational cost thereof.

In the scope of this study, only the performance of the Firearm

classification was evaluated and compared, with all the other

classes (including Background noise) being considered nega-

tives.

The system’s classification accuracy was evaluated on a

previously-collected and manually annotated ISL-FKIE field-

collected dataset comprised of 44,760 audio windows, corre-

sponding to over 4 hours of recorded audio data. Using a

classification probability threshold of 50%, the system has

achieved a sensitivity of 95.0% and a specificity of 97.2%

with respect to the classification of Firearm audio samples.

As these performance evaluation metrics depend on the

chosen classification threshold, a more objective classification

performance metric comes in the form of the AUROC, quan-

tifying the area encompassed under the ROC curve of each

class of the classifier. With a completely random classifier

showcasing an AUROC of 0.5 and a perfect classifier an

AUROC of 1.0, our embedded sound signature classification

system achieves an AUROC of 0.9961 with respect to the

classification of Firearm samples.

III. OPTIMAL SENSOR PLACEMENT METHODOLOGY

A. Localization performance prediction

In an environment where the TOAs from a source to

each sensor within a modeled grid exactly align with their

simulation values, pinpointing the source’s location is straight-

forward. However, variations inevitably arise, leading to dis-

crepancies between the measured TOA values and the corre-

sponding simulation results. The variations stem from various

factors, such as differing propagation conditions (e.g., air

temperature, humidity, wind speed), analog channel effects,

changes in the urban environment, or measurement errors. To

gauge the localization accuracy of a sensor setup tasked with

localizing impulsive sound sources, we employ a Monte Carlo

simulation methodology. This approach allows us to account

for the introduced errors and uncertainties inherent in real-

world scenarios, providing a more comprehensive assessment

of localization performance and its robustness to erroneous

measurements. In the scope of this research, the evaluated grid

points, source locations and sensor locations are located in 2

dimensions, with the z coordinate being constant and aligned

with the ground level, but the methodology and equations

thereof can be easily extrapolated to a 3-dimensional model.

One simulation run is performed for a number Kloc of eval-

uated source locations, and each source location is evaluated

for a number of Nsim simulation steps. For each simulation

step, we retrieve from the propagation model the vector

of theoretical TOAs Tmod(prefj ) from the evaluated source

location prefj (xref
j , yrefj ) to each of the Snodes sensors. Then,

each theoretical TOA value tmod
i is multiplied by a continuous

random error variable Xerr following a normal distribution

of mean µ = 1 and a given standard deviation σerr. The

resulting altered TOA vector named T sim(prefj ) is then used

as a ”simulated sensor data” vector that is used as an input

of the localization algorithm. The resulting output simulated

sensor location is psimj (xsim
j , ysimj ).

The simulation procedure evaluates the variance of the

predicted source locations relative to the reference locations

on each axis. Since the variance decreases as the accuracy



and precision increase, we have defined the localization per-

formance estimation metric as the average value of the inverse

of the variance across each axis. The localization performance

metric is computed as follows:

P 2D
loc =

1

2

(

1

σ2
x

+
1

σ2
y

)

(7)

where, for a number of total simulation steps Nt:

σ2

x =

∑Nt

j=1
(xsim

j − xref
j )2

Nt

;σ2

y =

∑Nt

j=1
(ysimj − yrefj )2

Nt

(8)

B. Classification performance prediction

Predicting the classification performance was done in two

stages. The first one allowed us to understand the impact of

the SNR at the sensor level upon a number of classification

performance metrics, whereas the second allowed us to es-

timate the expected SNR at each sensor level based on the

source location and the environment.

A preliminary ISL study has shown that the classification

performance varies with respect to the sensor placement. A

further investigation of this matter was done within this work

by analyzing the correlation between the SNR of each audio

sample and its corresponding classification performance. To

that end, the audio sample windows of a reference dataset were

ordered according to their estimated average SNR and pro-

cessed using a fixed size moving window. Two classification

performance metrics were correlated to the average estimated

SNR of each batch of audio windows: the AUROC and the

true positive prediction probability.

Fig. 2: Correlation between the AUROC and the SNR for the

Firearm class.

Fig. 2 displays the evaluated AUROC value as a function of

the estimated SNR, for a moving window buffer encompassing

256 audio windows of similar SNR. Similarly, the true positive

prediction probability was plotted against the SNR using a

moving window buffer of size 128, and the obtained data

points were interpolated. The curves are displayed in Fig. 3.

The polynomial interpolation of these data points is essen-

tial in order to obtain AUROC and true positive prediction

probability estimators as functions of the SNR, within a fixed

interval of definition. Outside the boundaries of this interval,

the estimated performance values are extrapolated to their

minimum and maximum evaluated values respectively. This

is the first key component of the classification performance

estimation process, generating an expected performance metric

as a function of an estimated (or known) SNR value.

Fig. 3: Correlation between the true positive prediction prob-

ability and the SNR for the Firearm class.

At this point, the missing link allowing us to predict the

classification performance of a sensor or a network thereof

based on their placement is the estimation of the SNR for

a given sensor geometry in a given environment. This is

done by evaluating the transport equations for the source

receiver pairings along the identified paths. The attenuation

of wave propagation due to meteorological influences was

heavily studied since 1960 [25]–[27]. In our study, it has been

estimated by modelling the geometric divergence including the

atmospheric absorption, where the decrease of intensity with

distance is modelled via [26]:

As(d) = 20Γ log10

(

d

dref

)

(9)

where:

• d is the distance between the acoustic centre of the source

and the receiver in m

• dref is the distance between the acoustic centre of

the source and the reference point (the point at which

the level of the acoustic source is measured); typically,

dref = 1m

• Γ reflects the nature of the wave; in this scenario, Γ = 1,

corresponding to a spherical wave propagation

Subsequently, the atmospheric absorption, derived from two

mechanisms (classical effects and relaxation effects) for sine

waves are given by [28]:

Aa(d) = −20 log10
(

e−αd
)

= ad (10)

where:

• α is the attenuation coefficient of the atmosphere in

nepers/m

• a is the attenuation coefficient of the atmosphere in dB/m

(a = 0.868α)

The absorption coefficient of the atmosphere a depends

on a number of measures [29], including the ambient air

pressure, the relative humidity, the sound frequency and the

speed of sound in air. As a reference for the scope of this

study, we have considered a worst-case propagation scenario

in which the absorption coefficient has a value a = 0.1 dB/m,

corresponding to a 5 kHz sound wave propagating at 0 °C,

in an atmosphere with a relative humidity of 20% and a

pressure of 0.94 atm. Finally, using these models for estimating



the sound absorption, we can derive the following equation

for expressing the signal-to-noise ratio as a function of the

propagation distance between the source and the sensor:

SNR(d) = Isrc −As(d)−Aa(d)− Ibgd (11)

where:

• Isrc is the sound intensity of the source measured at

dref = 1m in dB

• Ibgd is the background noise intensity measured at the

sensor level in dB

Therefore, by modelling the absorption of the wave emitted

from a source location within a known environment to the sen-

sor locations, and by using the above model for predicting the

classification performance as a function of the SNR, we can

estimate the classification performance of each sensor (either

from a single source location or from a set of source locations)

within the environment. This performance prediction layer,

implemented as a standalone Python library encompassing the

sound attenuation model as well as the performance prediction

metric functions, is used by the following Genetic Algorithm

to find the optimal sensor locations with respect to the sound

signature classification performance.

C. Genetic Algorithm (GA)

The popularity of GAs stems in part from their broad ap-

plicability and ease of use compared to classical optimization

methods [30]. On one hand, GAs are advantageous for the

given problem, because they allow different metrics to be

exchanged easily without the need to calculate derivatives. On

the other hand, they provide robust search in complex and

discrete search spaces. GAs make use of a multi-hypothesis

approach by operating with a population consisting of a

predefined number of solutions to the problem, in this case

specific sensor arrangements called individuals. The following

approach is based on the work in [20] and consists of the

following steps, with he sequence of operations also depicted

in Fig. 4:

1) Initialization: The population contains I individuals. Let

each individual Pi =
[

p1 . . . pN
]

, i = 1, ..., I , pi ∈
R

2 be the matrix containing the 2D coordinates of the N
sensor positions. Here, the initial population is randomly

initialized within the provided sensor area and its initial

fitness is evaluated (see step 5).

2) Parent Selection: To preserve diversity in the population

and reduce the selection pressure, tournament selection

is performed with a tournament size of k. This way,

k individuals are selected at random and the individual

with the highest fitness rating is chosen as a parent. This

process is repeated I times.

3) Crossover: The crossover operation is used to create I
new individuals that make use of information from the

parents, while also exploring new areas of the search

space. Here, we form the sensor arrangement of an

offspring individual by selecting each sensor position

to be one of the sensor positions of a randomly selected

Parent Selection

Out of  randomly chosen sensor
geometries, select fittest as parent.

Crossover

Shuffle positions of parents to
create  new sensor geometries.

Mutation

Sensor positions are shifted to
another grid point in the vicinity.

Fitness Evaluation

A scalar fitness value is
calculated for each individual.

External Selection

Select   individuals with the best
fitness for the next generation.

 parents

 offspring

 mutated parents,
 mutated offspring,

 offspring

fitness of mutated parents,
fitness of mutated offspring,

fitness of offspring

Repeat until 
  is reached.

If 
  is reached

Final Selection

From  sensor geometries select
the best according to the fitness.

Initialization

Evaluate  random sensor geometries.

repeat 
 times

Fig. 4: Sequence of operations of the genetic algorithm.

parent. This way, good sensor positions can be preserved

while new arrangements are evaluated.

4) Mutation: In order to find new sensor positions and

therefore further increase the diversity in the population,

mutated versions of the parents and the offspring are

created, where the positions are replaced by random grid

points in the surrounding area within a certain radius.

5) Fitness Evaluation: The fitness function

f(Pi) : R
2×N → R maps an individual to a

scalar value which determines its fitness. The fitness

is determined by averaging over all possible target

positions for the given sensor geometry.

6) External Selection: Finally, the individuals that advance

to the next generation are selected. Out of the current

population, the offspring and the mutated versions of

parents and offspring, the fittest I individuals are chosen

to form the population of the next generation.

After initialization, the steps 2-6 are repeated until the prede-

termined maximum generation Gmax is reached. Afterwards,

the individual with the highest fitness value is selected as the

result of the optimization problem.

IV. EXPERIMENTAL METHODOLOGY

In order to show the impact of optimal sensor placement

setups and the ability of our algorithms to generate such

optimal setups, we have devised an experiment where the

performance of two optimally-placed acoustic sensor setups

was evaluated and compared against those of two corre-

sponding sub-optimally placed sets of sensors. One pair of

setups, optimal and sub-optimal, aimed at evaluating the TOA-

based localization performance, whereas the other focused on



the classification performance. A total number of 6 acoustic

sensors were used for both localization and classification

purposes.

The optimal placement setups were generated using our GA-

based tool, which relies on a pre-computed grid point model of

the experimental environment, generated around the 3D model

shown on the left of Fig. 5. This model is used to determine

the TOAs and the propagation distances between every pair

of grid points, as described in Sec. II-A. In total, a number

of 302 grid points and 91,204 wave propagation paths were

evaluated, for a grid resolution of 5.91 m. The calculated look-

up tables are then passed to the optimization algorithm, which

is used to identify the sensor setups that ensure the best overall

localization and classification performances respectively.

Fig. 5: 3D representation of the test environment and of its

underlying grid point model with source positions in red.

A number of 12 source locations were considered for this

experiment, spread around the test environment, as shown on

the right side of Fig. 5 using red circles with yellow indices.

Despite attempts to use the GA for identifying bad sen-

sor configurations, the optimization process consistently con-

verged to setups where all sensors were placed in the same lo-

cation. This behaviour is expected, as this scenario implies that

TDOA localization would fail, and the reliably classified total

area would be minimum. Subsequently, sub-optimal reference

configurations were selected among random configurations

respecting a minimum inter-sensor distance of 40 m.

A. Generating the sensor placement setups

1) Localization: When searching for the optimal localiza-

tion sensor placement, the relative TOA error is assumed to

have a standard deviation of σ = 3% and 50 Monte Carlo runs

were evaluated per source position. The locations of 6 sensors

were optimized per scenario. Moreover, a population size of

150 was used and evaluated over 50 generations.

The optimization result is shown in the right side of Fig. 6,

with the left side displaying the randomly-selected sub-optimal

setup. The light gray dots represent the grid points, the blue

circles show the chosen sensor locations in each setup, whereas

the light green areas indicate the best localization performance

(as opposed to the dark red areas, corresponding to a poor

performance). It can be noted that the sensor locations lie at

the edge of the sampled location grid and are well separated

from each other. This is consistent with results on the optimal

placement of TOA sensors in free-field scenarios, which have

shown that for equal sensor measurement noises, equiangular

sensor separation w.r.t. the source position is optimal [9], [31].

The displayed arrangement ensures a similar separation for

most of the possible target positions.

Fig. 6: The sub-optimal (left) and optimal (right) localization

sensor placement setups and their expected performance.

2) Classification: For the optimization with the

classification-based metric, a sound source intensity of

100 dB and a background noise intensity of 60 dB was

assumed. A population size of 250 was evaluated over 60
generations.

The results are displayed on the right side of Fig. 7, with the

left side displaying the randomly-selected sub-optimal setup

and a colour-coding similar to that of Fig. 6. A single sensor

leads to an improved accuracy omni-directionally around it and

decreasing with greater distance from the emitter. Additionally,

the improvement in classification performance gained by one

sensor is independent from the other sensors. This leads to the

sensors being distributed almost evenly over the area.

Fig. 7: The sub-optimal (left) and optimal (right) classification

sensor placement setups and their expected performance.

B. Performance evaluation

To verify whether the localization and classification per-

formance improves for the optimized sensor locations, the



proposed method was applied to determine sensor positions in

an urban environment and measurement data was collected and

evaluated. A total of 4 sensor configurations were evaluated,

two corresponding to the sub-optimal and optimal localization

performance setups and the other two to the sub-optimal

and optimal classification performance setups. The acoustic

source was a propane gas cannon, capable of generating loud

impulsive sounds similar to the blast wave of shots. For

statistical analysis, 10 shots were fired from each of the 12
source position for every sensor geometry under test.

Each sensor consisted of a GRAS 40PL microphone, a

PCB 480E09 ICP sensor signal conditioner and a Tascam

DR-100 MkII audio recorder. Each input signal was recorded

at a sampling frequency of 48 kHz and a depth of 24-bit

per channel. The sensors were manually synchronised and

calibrated at the beginning and at the end of each experimental

round. The recordings have been annotated in order to identify

the TOAs of shots and the ground truth with respect to the

sound classification task, based on a a semi-automated and

human validated annotation and event registration process. The

resulting annotation files were then post-processed to generate

localization and classification outputs by the corresponding

algorithms.

V. RESULTS

A. Localization performance

Fig. 8 shows a comparison of the unoptimized and opti-

mized sensor array configurations used for the surveillance

of the 21, 780 m2 area. The localization error is plotted

against the percentile of most accurate measurements (top)

and for each source position using all measurements (middle).

The inverse variance metric is plotted for both configurations

versus the source index.

Fig. 8: Localization error and inverse variance: comparison

of the performance of the unoptimized and optimized sensor

array configurations in experiment.

An average localization error of 22.35m and inverse vari-

ance metric of 2.77 × 10−3 m−2 have been determined us-

ing the unoptimized sensor configuration. Subsequently, an

average localization error of 17.69m and inverse variance

metric of 4.69 × 10−3 m−2 have been determined using the

optimized sensor configuration. The optimized sensor config-

uration appears to perform consistently across the quantiles of

data, whereas the unoptimized sensor configuration appears to

have systematically disproportionately large errors compared

to the percentile rank above 50. It can be concluded that

the optimized sensor configuration is likely more robust and

performs more consistently.

The localization error shows a correlation with the inverse

variance metric. Consequently, it tends to be minimal when the

variance metric is high and maximal when the inverse variance

metric is low. Notably, the inverse variance metric is infinite

for the optimal sensor configuration for source position 3, as

the source node has been localized exactly for every shot.

B. Classification performance

The collected audio data was evaluated by comparing the

ground truth of the recorded audio files to the outputs provided

by the sound signature classification system, with respect

to the Firearm class. Two classification performance metrics

were evaluated: the AUROC and the true positive prediction

probability. On top of that, the ROC curves corresponding

to each sensor setup were traced, allowing for a qualitative

comparison of the two scenarios.

TABLE I: Comparison of the evaluated classification perfor-

mance metrics.

Evaluated Sub-optimal Optimal Relative
metric setup setup improvement

AUROC 0.9491 0.9631 2.8 %

T+ pred. prob. 79.30% 85.41% 6.11%

Table I shows, for each of the two setups, the correspond-

ing metric values. The evaluated data shows a performance

improvement both in terms of AUROC (+2.8% relative to a

random classifier) and of the true positive prediction probabil-

ity (+6.11%).

Fig. 9: Comparison of the ROC curves of the sub-optimal

(dotted) and optimal (continuous) sensor setups.

The comparison of the ROC curves of the two classification

scenarios (dotted for the sub-optimal and continuous for the

optimal one) show a similar improvement, that can be observed

in Fig. 9. The curve of the optimal setup is closer to that of a



perfect classifier, particularly for low classification thresholds,

implying a better sensitivity for similar specificity values.

VI. CONCLUSIONS

The proposed approach integrates numerical acoustics and

sensor information fusion principles, contributing to an in-

terdisciplinary framework for addressing the optimization of

sensor placement in complex urban scenarios. Using the pro-

posed optimization technique for sensor placement in an urban

environment, we have observed significant enhancements in

localization accuracy and reliability, based on time differences

of arrival. The discrepancy in localization accuracy was partic-

ularly notable for higher percentiles, with an improvement of

up to 16.4m in accuracy compared to the non-optimal setup.

Notably, the performance improvement was more pronounced

for the localization setup compared to the classification setup,

reflecting the challenges posed by urban environments in

inducing localization errors. It has been demonstrated that the

optimal sensor setups surpassed their sub-optimal counterparts

in both localization and classification tasks. The experiments

have validated the proposed optimization approach for sensor

array optimization for the surveillance of urban environments.
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