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Abstract: The proliferation of small unmanned underwater vehicles (UUVs) represents a growing §
security challenge in coastal waters worldwide. This research presents an experimental validation €
of a passive sonar array optimized for detecting low-frequency acoustic emissions from under-
water drones in shallow coastal waters up to 50 meters deep. The experimental campaign was
conducted under controlled conditions in the coastal waters of the eastern Adriatic coast during ‘g
spring 2023, using a linear hydrophone array of 16 elements with an inter-element spacing of 0.75 §
meters. Three types of commercial underwater drones with different propulsion configurations
and characteristic frequency emissions in the range of 50 Hz to 500 Hz were used as reference 5
targets. The innovative contribution of this research is the development and validation of an ?‘
Adaptive Spatio-Temporal Signal Coherence (ASTC) algorithm that integrates beamforming *<
techniques with wavelet decomposition and machine learning for classifying acoustic signatures
in multipath sound propagation conditions characteristic of shallow waters. Results demonstrate §
that the proposed ASTC algorithm achieves a detection probability of 94.2% at a false alarm rate &
of 2.1% for underwater drones at distances up to 800 meters, representing an improvement of <
23.7% compared to conventional frequency analysis methods under equivalent conditions. The
analysis additionally showed that the critical factor for successful detection in shallow waters is
compensation of multipath effects that cause destructive interference at specific frequencies de- =

swnjo

pendenton depth and seabed type. The proposed methodology enables practical implementation g

of early warning systems for protection of port installations, critical submarine infrastructure, and &

ecologically sensitive coastal zones. “.—'\
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INTRODUCTION increased battery capacity, and development g

of autonomous navigation systems have ena- 7%,

The past decade has witnessed an expo- bled the construction of underwater drones ny

nential growth in the application of un- capable of operating independently for ex- _y

manned underwater vehicles in civilian and tended time periods with minimal acoustic ?\

m1htgry apphcgtlons. Technolpglcal advances and electromagnetic signatures .(Bhdberg, ]
in miniaturization of electronic components, 2001; Yuh, 2000). These vehicles find
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applications in oceanographic research, in-
spection of submatine infrastructure, military
reconnaissance operations, mine counter-
measures, and unfortunately, in potentially
malicious activities including smuggling, espi-
onage, and terrorism (Button e al., 2009; Caiti
et al., 2014).

Classification of underwater drones by
size includes micro vehicles with mass up to
5 kilograms, small vehicles up to 50 kilo-
grams, medium vehicles up to 500 kilograms,
and large vehicles that can exceed several
tons (Wynn ez al., 2014). For the purposes of
this research, the focus is directed toward the
category of small and micro underwater
drones that represent the most challenging
detection target due to reduced dimensions,
minimal acoustic emissions, and the ability to
operate in shallow and acoustically complex
environments (Ferri ez al, 2017). Commer-
cially available underwater drones in this cat-
egory typically use electric propulsion sys-
tems with brushless motors that generate
characteristic tonal components in the low-
frequency part of the spectrum, dominantly
in the range of 50 Hz to 500 Hz, with har-
monics extending to several kilohertz
(Koschinski & Liiddemann, 2013).

Detection of underwater objects tradi-
tionally relies on active sonar systems that
emit acoustic pulses and analyze return ech-
oes. However, active sonars show significant
limitations in detecting small underwater
drones for several reasons. First, the small ra-
dar cross-section of these vehicles results in
weak return echoes that are often indistin-
guishable from background reverberation,
especially in shallow waters with complex ba-
thymetry and heterogeneous seabed compo-
sition (Lurton, 2010). Second, modern un-
derwater drones in-creaseingly use materials
and shapes that minimize acoustic reflection,
making them nearly invisible to conventional
active systems (Li ez 4/, 2020). Third, active
emission reveals the position of the detection
system and can activate counter-sonar
measures on more sophisticated platforms

(Nielsen, 1991).
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Passive sonar systems represent an alter-
native approach based on detection and anal-
ysis of acoustic emissions that the target itself
generates. Underwater drones emit sound
through several mechanisms: operation of
the propulsion system including electric mo-
tors and transmissions, propeller cavitation at
higher speeds, hydrodynamic noise caused by
water flow around the hull, and payload op-
erations such as sonar or manipulators (Ross,
1976; Urick, 1983). Passive detection elimi-
nates the need for emission that would reveal
the detector, enables continuous monitoring
of large water areas, and can provide infor-
mation about target type and condition based
on spectral signature analysis (Knight ez a/,
1981).

Shallow coastal waters, defined as water
bodies up to approximately 200 meters deep
where surface and bottom wave modes sig-
nificantly affect sound propagation, repre-
sent a challenging environment for any type
of acoustic detection (Jensen ef al, 2011).
Sound propagation in shallow waters is char-
acterized by multipath propagation where
acoustic energy reaches the receiver through
a combination of direct path and a series of
reflections from the surface and bottom (Et-
ter, 2018). These multipath components in-
terfere constructively or destructively de-
pending on the path difference, signal fre-
quency, source and receiver depth, and
acoustic characteristics of boundary surfaces,
resulting in complex spatial and frequency
patterns that can significantly degrade detec-
tion system performance (Porter & Bucker,
1987).

The theoretical framework of sound
propagation in shallow waters is adequately
described by the normal modes approach
that treats the water layer as an acoustic wave-
guide bounded by surface and bottom
(Pekeris, 1948). The number of propagating
modes is a function of frequency, water
depth, and sound speed in water and sedi-
ment, with lower frequencies supporting
fewer modes that propagate with less loss
(Williams ¢ al., 2001). For typical coastal



conditions with depths from 20 to 50 meters
and sandy-muddy bottom, frequencies below
100 Hz often propagate as one ot two modes,
while frequencies above 500 Hz can support
dozens of modes with complex mutual inter-
ference (Harrison & Harrison, 1995).

Beamforming techniques represent the
foundation of spatial signal processing in pas-
sive sonar systems, enabling spatial filtering
that amplifies signals from the desired direc-
tion while suppressing noise and interference
from other directions (Van Trees, 2002).
Conventional beamforming (CBF) applies
tixed weighting coefficients to array elements
to steer sensitivity in a specific direction,
while adaptive methods such as the MVDR
(Minimum Variance Distortionless Re-
sponse) algorithm dynamically adjust weights
to minimize output power while preserving
gain in the direction of the signal of interest
(Capon, 1969). Application of beamforming
in shallow waters is complicated by multipath
propagation that causes signal spatial coher-
ence different from that predicted by the
point source model in an infinite homogene-
ous medium (Carey & Moseley, 1991).

Wavelet transformation introduced a rev-
olutionary approach to non-stationary signal
analysis enabling simultaneous resolution in
the time and frequency domain (Mallat,
1999). Unlike Fourier transform that pro-
vides global frequency information without
temporal localization, wavelet decomposition
uses scaled and translated versions of the ba-
sis function to decompose the signal into
components with optimal balancing of time
and frequency resolution according to the
Heisenberg uncertainty principle
(Daubechies, 1992). This characteristic
makes wavelets particularly suitable for ana-
lyzing acoustic signals of underwater drones
that often show time-varying spectral charac-
teristics due to variations in speed, operating
depth, and operating modes of the propul-
sion system (Cohen, 1995).

Application of machine learning tech-
niques in underwater acoustics has seen sig-
nificant growth in the past decade, motivated
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by the ability of these methods to extract
complex nonlinear patterns from high-di-
mensional data (LeCun e /., 2015). Classifi-
cation of underwater acoustic sources has
been successfully demonstrated using sup-
port vector machines, random forests, neural
networks, and deep learning on features ex-
tracted from spectrograms, mel-frequency
cepstral coefficients, and wavelet coefficients
(Santos-Dominguez ef al, 2016; Kamal ¢f al.,
2021). The challenge of applying machine
learning in operational scenarios lies in the
need for representative training datasets that
adequately cover the variability of acoustic
conditions and target types that can be ex-
pected in real environments (Goodfellow ez
al., 2010).

Literature review shows that while there
exists an extensive research base on detection
of conventional submarines and large vessels
by passive sonar, and significant work on
characterization of sound propagation in
shallow waters, relatively few studies focus
specifically on detection of small underwater
drones by passive methods in the coastal en-
vironment. Studies addressing this problem
are mostly limited to simulation studies or
controlled laboratory experiments that do
not reflect the complexity of real conditions
(Maranda, 2001; Kopp et al., 2010). The lack
of experimentally validated methodologies
for passive detection of underwater drones in
shallow waters represents a significant gap in
the literature that this research addresses.

Motivation for this research stems from
the need for effective early warning systems
capable of detecting potentially dangerous
underwater drones in coastal zones of strate-
gic importance. Port installations, offshore
energy facilities, submarine cables and pipe-
lines, and ecologically sensitive areas such as
marine protected zones represent potential
targets of malicious activities or locations
where unauthorized presence of underwater
drones is undesirable (Weydahl ez a/., 2015).
Conventional coastal surveillance systems
predominantly rely on radars, electro-optical
sensors, and AIS (Automatic Identification



System) which are inherently limited to detec-
tion of surface and aerial threats, leaving the
underwater domain insufficiently monitored
(Ponsford et al., 2001).

Specific objectives of this research in-
clude: development and experimental valida-
tion of an algorithm for passive acoustic de-
tection of small underwater drones in shallow
coastal waters; characterization of acoustic
signatures of representative types of com-
mercial underwater drones in the frequency
and time domain; quantification of the im-
pact of multipath propagation on detection
performance and development of compensa-
tion methods; and evaluation of applicability
of the proposed methodology for operational
coastal surveillance systems.

METHODOLOGY

The experimental campaign was con-
ducted in the coastal waters of the eastern
Adriatic coast near the island of Korcula dur-
ing the period from March 15 to April 12,
2023. The location was selected based on
representativeness for typical Adriatic coastal
conditions with water depth between 25 and
45 meters, predominantly sandy to muddy
bottom, and relatively low levels of anthro-
pogenic acoustic noise due to distance from
main shipping routes and industrial facilities.
Bathymetric measurements were conducted
with Kongsberg EM 2040 multibeam sonar
with 1-meter resolution, while sediment char-
acteristics were determined by acoustic bot-
tom profiling and grab sampling at selected
positions.

The hydrophone array was configured as
a linear horizontal system of 16 Briiel & Kjar
8104 elements with hydrophone sensitivity of
-205 dB re 1V/pPa and flat frequency re-
sponse in the range from 0.1 Hz to 120 kHz.
The inter-element spacing of 0.75 meters was
selected as a compromise between spatial res-
olution at frequencies of interest and practi-
cal implementation constraints, resulting in a
total array aperture of 11.25 meters. For a fre-
quency of 500 Hz (wavelength approximately

79

3 meters), this spacing corresponds to ap-
proximately one-quarter wavelength, while
for a frequency of 50 Hz (wavelength ap-
proximately 30 meters), it represents only
2.5% of the wavelength, implying limited
spatial selectivity at the lowest frequencies of
interest. Hydrophones were mounted on a
neutrally buoyant steel structure anchored at
a depth of 15 meters, 10 meters above the
seabed at a location with an average depth of
25 meters. Array positioning and orientation
were verified by acoustic calibration using a
reference source of known position.

The data acquisition system was based on
a National Instruments CompactDAQ plat-
form with NI1-9234 IEPE modules for simul-
taneous sampling of all 16 channels at a fre-
quency of 51.2 kHz and 24-bit resolution.
GPS time synchronization was ensured by a
precise time standard derived from a GPS re-
ceiver with 100-nanosecond accuracy. Data
were stored locally on 4 TB SSD media with
subsequent transfer to the laboratory for de-
tailed analysis. Approximately 180 hours of
acoustic recordings were collected during the
experimental campaign.

Three commercially available underwater
drones of different characteristics were used
as reference targets: BlueROV2 Heavy by
Blue Robotics (mass 11.5 kg, 8 thrusters in
vectored 6 DOF configuration, maximum
speed 1.5 m/s), Chasing M2 PRO by Chasing
Innovation (mass 5.5 kg, 8 thrusters, maxi-
mum speed 1.7 m/s), and Fifish V6 EX-
PERT by QYSEA (mass 4.8 kg, 6 thrusters,
maximum speed 1.5 m/s). All three drones
use brushless electric motors powered by
lithium-polymer batteries and allow auton-
omy of 2 to 4 hours depending on operating
mode. The selection of these models was mo-
tivated by their representativeness for the cat-
egory of commercial underwater drones
available on the market, differences in pro-
pulsion system construction resulting in dif-
ferent acoustic signatures, and practical avail-
ability for experimental purposes.

The experimental protocol included a se-
ries of controlled runs of each drone at



defined distances and directions relative to
the hydrophone array. Distances varied from
50 meters to 1200 meters in increments of 50
meters up to 500 meters, and then in incre-
ments of 100 meters up to maximum dis-
tance. For each distance, measurements were
conducted at three different drone courses:
approach to the hydrophone array, departure,
and lateral passage. Drone travel speed was
maintained constant at 1 m/s for most meas-
urements, with additional measurements at
speeds of 0.5 m/s and 1.5 m/s to evaluate the
effect of speed on acoustic signature. Drone
operating depth was varied between 5, 10,
and 15 meters below the surface.

Drone positioning during experiments
was achieved through a combination of Ultra
Short Baseline (USBL) acoustic positioning
using the Sonardyne Micro-Ranger 2 system
with accuracy of 0.5% of slant range and GPS
positioning of the accompanying surface ves-
sel. A USBL transponder integrated into each
drone enabled continuous tracking of under-
water position at an update rate of 1 Hz.
Time synchronization of USBL positions
with acoustic recordings enabled precise cor-
relation between detected signals and actual
target position for purposes of evaluating de-
tection and localization algorithms.

In addition to controlled experiments
with reference targets, extended recordings
of ambient acoustic noise were conducted
without the presence of drones to character-
ize background conditions and collect data
for training the classifier in the “no target”
category. A total of 80 hours of ambient
noise recordings were collected under differ-
ent sea conditions (sea states 1-3 on the
Douglas scale), different times of day, and in
the presence of various noise sources includ-
ing passage of fishing vessels, biological
sources (crustaceans, shellfish, fish), and me-
teorological conditions (wind, rain).

Oceanographic parameters relevant to
sound propagation were collected continu-
ously during the experimental campaign.
Temperature, salinity, and pressure profiles
were measured by CTD probe SBE 19plus
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V2 SeaCAT with vertical resolution of 0.5
meters and temporal resolution of 4 hours.
Sound speed was calculated from CTD data
according to the UNESCO algorithm with
typical values in the range of 1505 to 1520
m/s depending on depth and measurement
time. Seabed characterization was conducted
by analysis of sediment samples and in-situ
impedance measurements using acoustic pro-
filing, identifying predominantly medium to
fine sand with admixtures of mud and aver-
age sound speed of 1650 m/s and density of
1850 kg/m?>.

Signal processing was conducted in the
MATLAB R2023a programming environ-
ment with additional toolboxes for Signal
Processing, Wavelet, Statistics and Machine
Learning, and Phased Array System. Raw
acoustic data were subjected to preprocessing
that included band-pass filtering at 20-600
Hz, decimation to an effective sampling fre-
quency of 2400 Hz adequate for the fre-
quency range of interest, and compensation
of individual hydrophone sensitivity based on
calibration data. Data segmentation was pet-
formed into non-overlapping frames of 1-
second duration (2400 samples) for fre-
quency domain analysis.

Conventional beamforming was imple-
mented as phase-delayed summation of sig-
nals with weighting windows for sidelobe
control of the directivity pattern. Beam steer-
ing was achieved by calculating appropriate
phase delays for each array element according

to the expression 1, = md sin(0)/c, where m
is the element index, d is the inter-element
spacing, 0 is the steering angle, and c is the
sound speed. Space scanning was performed
in the azimuthal range from -90° to +90° in
1° increments, generating a time-varying spa-
tial spectrum. The beamformer output power
for each direction and time frame was used
as one of the input features for the classifica-
tion algorithm.

MVDR adaptive beamforming was ap-
plied as an advanced spatial processing
method with potential for better interference



and noise suppression. The algorithm calcu-
lates optimal weighting coefficients accord-
ing to the expression w = R™Ma(®) /
(aH(0)R™'a(0)), where R is the estimate of the
input signal covariance matrix, a(0) is the
steering vector for the desired direction, and
H denotes Hermitian transpose. Covariance
matrix estimation was performed by time av-
eraging over 100 samples with diagonal load-
ing of 0.1 of the matrix trace to ensure nu-
merical stability. Comparison of CBF and
MVDR beamforming perfor-mance was
conducted on a subset of data to evaluate rel-
ative advantages in shallow-water propaga-
tion conditions.

Wavelet decomposition was applied to
beamformer output signals using discrete
wavelet transform with Daubechies 4 (db4)
basis function selected based on previous
acoustic  classification  studies  (Santos-
Dominguez ¢ al, 2016). Decomposition was
performed at 6 levels, separating the signal
into details D1 to D6 and approximation A6
with corresponding frequency subbands
from 600-300 Hz (D1) to 9.4-4.7 Hz (DO0)
and 4.7-0 Hz (A6). For each level, energy sta-
tistics were calculated as the sum of squared
coefficients, and skewness and kurtosis coef-
ficients of coefficient distribution, forming a
24-dimensional feature vector from the
wavelet domain.

Additional features were extracted from
the frequency domain using the periodogram
with Welch's method with Hanning windows
of 512 samples and 50% ovetlap. Spectral
peak locations in the 50-500 Hz range were
identified, along with their magnitudes and
bandwidths at 3 dB below peak. Harmonic
structure was analyzed by detecting series of
peaks at multiples of the fundamental fre-
quency, characteristic of tonal emissions
from underwater drone electric motors. The
frequency domain feature vector comprised
15 elements including 5 dominant frequen-
cies, their magnitudes, widths, and harmonic-
ity coefficient.
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The innovative Adaptive Spatio-Tem-
poral Coherence (ASTC) algorithm devel-
oped in this research integrates spatial pro-
cessing by beamforming, time-frequency
analysis by wavelet decomposition, and ma-
chine learning classification into a coherent
framework optimized for shallow-water
propagation conditions. The key novelty of
the algorithm consists in adaptive compensa-
tion of multipath effects achieved by estimat-
ing signal coherence between hydrophone
pairs as a function of frequency and time de-
lay. For a given pair of hydrophones sepa-
rated by distance d, multipath propagation
causes frequency-dependent fluctuations in
mutual coherence that can be modeled as an
interferometric pattern determined by differ-
ences in phase paths of direct wave and re-
flected components.

The ASTC algorithm estimates the coher-
ence matrix I'(f,7) whose elements yij(f,7) rep-
resent the normalized cross-correlation of
signals at hydrophones i and j for a frequency
band centered at f and time delay t. Theoret-
ical predictions of the coherence matrix for
different source scenarios and propagation
conditions are derived from the normal
modes model using the KRAKEN software
package for solving the characteristic equa-
tion of the acoustic waveguide. Comparison
of measured and theoretical coherence matri-
ces identifies the scenario with the best
match, providing more robust geometry esti-
mation than direct interpretation of beam-
former output. This estimation is used to
adaptively adjust beamforming parameters
and correct extracted features for multipath
effects characteristic of the estimated geom-
etry.

Classification was performed using the
Random Forest algorithm that forms an en-
semble of decision trees trained on different
subsets of data and features, with final pre-
diction made by majority vote of trees
(Breiman, 2001). The choice of Random For-
est algorithm was motivated by its robustness
to noise, ability to handle high-dimensional
feature space without need for selection, and



interpretability in terms of importance of in-
dividual features. The model was configured
with 200 trees, maximum depth of 20 levels,
and minimum number of samples for node
splitting of 5. Alternative classifiers including
support vector machines (SVM) with radial
basis function kernel and a simple neural net-
work with one hidden layer were evaluated
for comparison.

The training and testing dataset was
formed from controlled experiments catego-
rized into positive examples (drone present)
and negative examples (ambient noise with-
out drone). Positive examples comprise 2400
one-second segments evenly distributed
across three drone types, different distances,
directions, and depths. Negative examples
comprise 2400 segments of ambient noise
under different conditions. Division into
training and test sets was performed in a
70:30 ratio with temporal separation ensuring
that segments from the same experimental
run are not present in both sets, eliminating
potential bias due to temporal correlation.

Evaluation of detection algorithm perfor-
mance was conducted using standard binary
classification metrics including accuracy (ra-
tio of correct classifications to total number
of examples), precision (ratio of true posi-
tives to all positive predictions), recall or de-
tection probability (ratio of true positives to
actual positive examples), and false alarm rate
(ratio of false positives to actual negative ex-
amples). The Receiver Operating Character-
istic (ROC) curve was constructed by varying
the classification threshold, and the area un-
der the ROC curve (AUC) was used as an in-
tegral measure of class separability. Statistical
significance testing of differences in perfor-
mance between methods was conducted us-
ing McNemar's test at a significance level of

0.05.
RESEARCH RESULTS
Characterization of ambient acoustic

noise at the experimental site showed spectral
power density levels consistent with literature
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data for typical coastal waters of temperate
climate zone. In the frequency range from 50
to 500 Hz, the average spectral level was 68
dB re 1 pPa?/Hz at sea state 1 (calm), increas-
ing to 75 dB re 1 pPa?/Hz at sea state 3
(moderately rough). Dominant sources of
ambient noise included passage of vessels at
distances of several kilometers (characteristic
low-frequency signature with maximum
around 80-120 Hz), biological sources (snap-
ping shrimp in the 2-200 kHz range, fish vo-
calizations below 1 kHz), and surface noise
generated by wind and waves. Temporal var-
iations in ambient noise showed pronounced
day-night modulation of the biological com-
ponent, with increased activity during night,
and correlation with vessel passage according
to AIS records.

Acoustic signatures of the three tested un-
derwater drones showed characteristic spec-
tral profiles enabling mutual distinction.
BlueROV2 Heavy emits a dominant tonal
component at 127 Hz corresponding to the
rotational speed of main thrusters at nominal
load, with pronounced harmonics at 254 Hz
and 381 Hz. Additional components were
identified at 340 Hz related to electric motors
of controllable thrusters and broadband cav-
itation noise in the 400-600 Hz range at
higher travel speeds. Chasing M2 PRO
showed a thruster fundamental frequency at
156 Hz with harmonics, while Fifish V6 EX-
PERT had the lowest fundamental frequency
of 98 Hz. Differences in spectral signatures
correlate with differences in propulsion sys-
tem construction, particularly the number of
poles of brushless motors and propeller di-
ameters.

Source Level (SL) of underwater drones
was estimated by compensating for transmis-
sion loss at known distances using spherical
divergence and absorption. For BlueROV2
Heavy at a speed of 1 m/s, the estimated
source level is 125 dB re 1 pPa at 1 m in the
100-200 Hz frequency band, 118 dB in the
200-400 Hz band, and 115 dB in the 400-600
Hz band. Chasing M2 PRO and Fifish V6
EXPERT show lower source levels by



approximately 3-5 dB in all bands, consistent
with their smaller mass and propulsion sys-
tem power. Variation of source level with
travel speed follows approximately cubic law,
with an increase of approximately 6 dB for
doubling of speed, in accordance with theo-
retical predictions of dominance of hydrody-
namic and cavitation noise at higher speeds.
Analysis of multipath propagation at the
experimental site was conducted by compar-
ing measured impulse responses with normal
mode model predictions. For a typical depth
of 30 meters with source at 10 meters and re-
ceiver at 15 meters, the model predicts signif-
icant reflections from surface and bottom
with time delays of 3 to 15 milliseconds rela-
tive to the direct path for distances up to 500
meters. Constructive interference of direct
and reflected waves occurs at frequencies
where path difference corresponds to an in-
teger number of wavelengths, while destruc-
tive interference causes significant spectral
notches at intermediate frequencies. Experi-
mentally measured spectra of underwater
drone signals show characteristic oscillations
around the average level with period in the
frequency domain consistent with theoretical
predictions for the measurement geometry.
Impact of multipath propagation on con-
ventional beamforming performance was
quantified by comparing estimated and actual
source position. For distances up to 200 me-
ters, conventional beamforming achieves az-
imuthal estimation accuracy within +2° for
all frequencies of interest. At larger distances,
multipath propagation causes progtessive in-
crease in error, reaching +8° at 500 meters
and £15° at 800 meters for frequencies above
200 Hz. Lower frequencies show less perfor-
mance degradation due to simpler modal
structure of propagation. Adaptive MVDR
beamforming provides 20-30% improve-
ment in estimation accuracy at larger dis-
tances thanks to ability to suppress coherent
multipath components, but with increased
computational complexity and sensitivity to
errors in covariance matrix estimation.
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The ASTC algorithm developed in this re-
search demonstrates significant improve-
ment in compensating multipath effects
compared to conventional methods. Estima-
tion of coherence matrix as a function of fre-
quency and spatial delay enables identifica-
tion of dominant propagation modes and
their relative amplitudes. Comparison with li-
brary of theoretical coherence matrices for
different combinations of source depth and
distance identifies the scenario with best
match, providing more robust geometry esti-
mation than direct interpretation of beam-
former output. Experimental validation on
controlled drone runs shows that ASTC
achieves distance estimation accuracy within
+15% for distances up to 600 meters, com-
pared to £30% for conventional beamform-
ing under the same conditions.

Features extracted by wavelet decomposi-
tion show high discriminative value for clas-
sifying drone presence and identifying type.
Energy in detail coefficients D3 and D4, cor-
responding to the frequency range of 75 to
300 Hz, shows the most pronounced differ-
ence between examples with drone and am-
bient noise. Skewness coefficient of wavelet
coefficient distribution at level D2 (150-300
Hz) shows characteristically positive value
for underwater drone signals due to tonal
components, while ambient noise shows ap-
proximately symmetric distribution. Feature
importance analysis in the Random Forest
classifier identifies energy at levels D3 and
D4 and skewness coefficient at D2 as the
three most informative features, together
contributing 45% of total discriminative
power of the model.

Frequency domain features complement
wavelet features with information about har-
monic structure of the signal. Presence of se-
ries of spectral peaks at multiples of funda-
mental frequency, quantified by harmonicity
coefficient, shows high predictive value for
detecting underwater drones whose electric
motors generate pronounced tonal emis-
sions. Ambient noise, including ship traffic at
greater  distances, typically shows less



pronounced harmonic structure or harmon-
ics at different fundamental frequencies, ena-
bling distinction. Frequency features contrib-
ute the remaining 35% of classifier discrimi-
native power.

ASTC coherence features contribute 20%
of discriminative power, but their value is
particularly pronounced at larger distances
where standard features lose reliability. At
distances over 500 meters, classification
based solely on wavelet and frequency fea-
tures shows significant performance degrada-
tion, while inclusion of ASTC features main-
tains performance relatively stable up to 800
meters. This characteristic makes the ASTC
approach particularly valuable for applica-
tions requiring detection at larger distances in
shallow-water conditions.

Classification results for the complete
ASTC algorithm on the test dataset are pre-
sented in the summary metrics table. Overall
classification accuracy is 96.1%, with preci-
sion of 94.8%, recall (detection probability)
of 94.2%, and false alarm rate of 2.1%. Area
under the ROC curve is 0.987, indicating ex-
cellent class separability. The confusion ma-
trix details the distribution of classifications
across categories: of 720 test examples with
drone present, 678 were correctly classified as
positive (true positives), 42 were incorrectly
classified as negative (false negatives); of 720
examples without drone, 705 were correctly
classified as negative (true negatives), 15 were
incorrectly classified as positive (false posi-
tives).

Comparison of ASTC algorithm perfor-
mance with conventional methods was con-
ducted on the identical test dataset. Conven-
tional method based solely on frequency
analysis (detection of spectral peaks in char-
acteristic bands without spatial processing
and wavelet decomposition) achieves detec-
tion probability of 70.5% at a false alarm rate
of 5.3%. Adding beamforming without adap-
tive coherence compensation improves de-
tection probability to 82.3% at a false alarm
rate of 3.8%. Adding wavelet features with-
out coherence compensation reaches 89.1%
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detection probability at 2.8% false alarm rate.
The complete ASTC algorithm achieves
94.2% detection probability at 2.1% false
alarm rate, representing an improvement of
23.7 percentage points compared to conven-
tional frequency analysis and 5.1 percentage
points compared to the approach without co-
herence compensation.

Statistical significance of performance dif-
ferences was evaluated by McNemat's test on
pairs of classification results for individual
test examples. The difference between the
ASTC algorithm and all alternative methods
1s statistically significant at p < 0.001 level,
confirming that the observed improvement is
not an artifact of random variability in the
test set. Confidence intervals for ASTC algo-
rithm detection probability calculated by
bootstrap method with 1000 repetitions are
92.8% to 95.6% at 95% confidence level.

Analysis of performance as a function of
distance reveals expected degradation with
increasing distance between drone and hy-
drophone array. At distances up to 200 me-
ters, detection probability is 99.3% for all
tested methods, reflecting high signal-to-
noise ratio at small distances. At distances
from 400 to 600 meters, conventional meth-
ods show dramatic drop to 65-75%, while
ASTC maintains detection probability above
92%. At maximum tested distances of 800 to
1000 meters, ASTC achieves 85-88% detec-
tion probability, compared to 45-55% for
conventional approaches. This superiority at
larger distances is directly attributable to
adaptive compensation of multipath effects
that become the dominant factor of perfor-
mance degradation in shallow-water propa-
gation.

Classifier performance varied depending
on the type of underwater drone. BlueROV2
Heavy, with the strongest acoustic signature,
shows the highest detection probability of
96.8% averaged across all distances. Chasing
M2 PRO achieves 93.5%, while Fifish V6
EXPERT has the lowest detection probabil-
ity of 92.1%, consistent with its weakest
acoustic emissions. Differences between



drones are statistically significant (y*> = 14.3,
df =2, p <0.001), suggesting that propulsion
system characteristics affect detectability.
Classification of drone type among correctly
detected examples shows accuracy of 87.3%,
with most errors between Chasing M2 PRO
and Fifish V6 EXPERT which have the most
similar spectral signatures.

Impact of environmental conditions on
detection performance was evaluated by
stratification of the test set by sea state and
presence of other noise sources. At sea state
1, average detection probability is 95.8%, de-
grading to 93.1% at sea state 2 and 91.5% at
sea state 3. Presence of ship traffic at dis-
tances less than 2 km causes additional deg-
radation of 2-4 percentage points depending
on traffic intensity. These results confirm the
robustness of the ASTC algorithm to typical
variations in environmental conditions in
coastal waters, although they identify sea
state and ship traffic as factors that need to
be considered in operational implementation.

Alternative classifiers evaluated for com-
parison with the Random Forest algorithm
show competitive but generally inferior per-
formance. SVM with RBF kernel achieves
92.8% detection probability at 2.5% false
alarm rate, while simple neural network with
100 nodes in the hidden layer achieves 93.5%
at 2.3% false alarm rate. Random Forest
combines the best performance with inter-
pretability through feature importance analy-
sis and robustness to suboptimal hyperpa-
rameter tuning. Deep learning with convolu-
tional neural networks directly on spectro-
grams was preliminarily evaluated, showing
potentially superior performance (95.1% de-
tection probability), but with significantly
greater training data requirements and com-
putational resources that complicate practical
application.

Computational complexity of the ASTC
algorithm was evaluated on a standard work-
station with Intel Xeon processor (3.5 GHz,
8 cores) and 64 GB RAM. Processing of one-
second segment requires an average of 45
milliseconds, of which beamforming
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consumes 15 ms, wavelet decomposition 8
ms, coherence matrix estimation 18 ms, and
classification 4 ms. This enables real-time
processing with a safety factor greater than
20, with the possibility of parallel processing
of multiple scan directions to increase spatial
coverage. Memory footprint of the algorithm
i1s approximately 500 MB for storing the
model and intermediate results, compatible
with implementation on embedded compu-
ting platforms for autonomous systems.

CONCLUSION

This research presented the development
and experimental validation of an adaptive
spatio-temporal coherence algorithm for pas-
sive acoustic detection of small underwater
drones in shallow coastal waters. The funda-
mental contribution of the work consists in
demonstrating that integration of spatial pro-
cessing by beamforming, wavelet analysis,
and machine learning classification, with in-
novative adaptive compensation of multipath
propagation effects characteristic of shallow
waters, enables significant improvement in
detection performance compared to conven-
tional approaches. The experimental cam-
paign conducted in the coastal Adriatic vali-
dated the methodology under realistic condi-
tions, demonstrating detection probability of
94.2% at a false alarm rate of 2.1% for com-
mercial underwater drones at distances up to
800 meters.

The key result that constitutes the innova-
tive contribution of this study is the quantifi-
cation of ASTC algorithm superi-ority over
conventional methods particularly at larger
distances where multipath propagation dom-
inantly degrades performance. Improvement
of 23.7 percentage points in detection proba-
bility compared to standard frequency analy-
sis represents a practically significant advance
that can imply the difference between timely
warning and missed detection in operational
scenarios. The mechanism of this improve-
ment was identified as the ability of coher-
ence analysis to distinguish propagation



characteristics that are correlates of source
distance and depth, providing implicit com-
pensation of multipath effects that degrade
conventional methods.

Characterization of acoustic signatures of
the three tested underwater drones provided
an empirical database useful for future re-
search and development of operational sys-
tems. Identified differences in fundamental
frequencies, harmonic structure, and source
levels between drone types reflect construc-
tional characteristics of propulsion systems
and enable not only detection but also type
classification with 87.3% accuracy. These re-
sults suggest potential for development of
acoustic signature libraries that could inte-
grate information about known types of un-
derwater vehicles for improved identification
in operational context.

Analysis of multipath propagation impact
on signal propagation in shallow coastal wa-
ters confirmed theoretical predictions from
the literature and provided empirical data
specific to the Adriatic Sea. Characteristic
patterns of constructive and destructive in-
terference identified in experimental data are
consistent with the normal modes model for
shallow-water propagation, validating the
theoretical framework used for ASTC algo-
rithm development. This consistency be-
tween theory and experiment increases con-
fidence in applicability of results to other lo-
cations with similar bathymetric and sedi-
mentological characteristics.

Practical implications of this research in-
clude potential for implementation of cost-
effective coastal surveillance systems based
on passive sonar arrays. Unlike active systems
that require powerful transmitters and reveal
their position, passive approaches enable
covert surveillance with lower energy require-
ments and maintenance costs. Demonstrated
real-time processing capability with a safety
factor greater than 20 on a standard compu-
ting platform suggests feasibility of imple-
mentation on autonomous underwater or
surface platforms for mobile coastal zone
surveillance.
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Limitations of this research include focus
on controlled experimental conditions that,
although representative of typical coastal en-
vironment, do not cover the full variability of
conditions that may be encountered in oper-
ational application. Experiments were con-
ducted at moderate sea states (1-3) and water
depths (25-45 m) characteristic of the se-
lected location, while extreme conditions
such as stormy sea or very shallow waters be-
low 15 meters wete not tested. Also, the un-
derwater drones used represent commercial
platforms that do not include potential coun-
ter-acoustic measures that more sophisti-
cated adversaries might implement to reduce
acoustic signature.

Future research can be directed in several
directions identified by this study. Extension
of experimental validation to different loca-
tions with variable bathymetric and oceano-
graphic conditions would provide more ro-
bust assessment of ASTC algorithm general-
izability. Integration with other sensor mo-
dalities, particularly mag-netometers for de-
tection of metallic components and electro-
optical systems for identification at short dis-
tances, could result in a multimodal system
with complementary capabilities. Application
of deep learning on larger datasets could po-
tentially further improve performance, espe-
cially for automatic feature extraction with-
out need for expert design.

Development of an operational system
based on this methodology requires addi-
tional considerations including optimization
of sonar array architecture for specific oper-
ational requirements, integration with com-
mand and control systems, protocols for
alarm validation and coordination with other
elements of coastal surveillance, and assess-
ment of reliability in extended operational
service. Economic cost-benefit analysis of
passive versus active approaches for different
applications (port protection, offshore facili-
ties, submarine cables) would provide valua-
ble guidance for decision-makers in the do-
main of coastal security.



In conclusion, this research demonstrated
the feasibility and effectiveness of passive
acoustic detection of small underwater
drones in shallow coastal waters using the in-
novative ASTC algorithm that integrates spa-
tial, time-frequency, and coherence analysis.
The achieved results represent a significant
advance compared to conventional methods

and provide a foundation for development of
practical coastal surveillance systems. In the
context of the growing challenge that under-
water drones pose to the security of coastal
zones and critical submatine infrastructure,
such systems can become an essential com-
ponent of a comprehensive coastal surveil-
lance and protection strategy.
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Sazetak: Proliferacija malih bespilotnih podvodnih vozila (BPV) predstavlja rastuci bezbjednosni
izazov u obalnim vodama sirom svijeta. Ovo istrazivanje predstavlja eksperimentalnu validaciju
pasivnog sonarskog niza optimizovanog za detekciju niskofrekventnih akustickih emisija podvod-
nih dronova u plitkim obalnim vodama do 50 metara dubine. Eksperimentalna kampanja
sprovedena je u kontrolisanim uslovima u obalnim vodama istocne jadranske obale tokom
proljeca 2023. godine, koristenjem linearnog hidrofonskog niza od 16 elemenata s meduelement-
nim razmakom od 0,75 metara. Tri tipa komercijalnih podvodnih dronova s razli¢itim konfigu-
racijama pogona i karakteristicnim frekventnim emisijama u opsegu od 50 Hz do 500 Hz
koriStena su kao referentne mete. Inovativni doprinos ovog istrazivanja je razvoj i validacija al-
goritma Adaptivne Prostorno-Vremenske Koherencije Signala (APVKS) koiji integrise tehnike
formiranja snopa s wavelet dekompozicijom i masinskim ucenjem za klasifikaciju akustickih pot-
pisa u uslovima viseputnog prostiranja zvuka karakteristicnog za plitke vode. Rezultati pokazuju
da predlozeni APVKS algoritam postize vijerovatno¢u detekcije od 94,2% pri stopi laznih alarma
od 2,1% za podvodne dronove na udaljenostima do 800 metara, sto predstavlja poboljsanje od
23,7% u poredenju s konvencionalnim metodama frekventne analize u ekvivalentnim uslovima.
Analiza je dodatno pokazala da je kriticni faktor za uspjesnu detekciju u plitkim vodama kompen-
zacija viseputnih efekata koji uzrokuju destruktivnu interferenciju na specificnim frekvencijama
zavisnim od dubine i tipa morskog dna. Predlozena metodologija omogucava prakti¢nu imple-
mentaciju sistema ranog upozoravanja za zastitu luckih postrojenja, kriticne podmorske infra-
strukture 1 ekoloski osjetljivih obalnih zona.

Kljucne rijeCi: pasivni sonar, podvodni dronovi, akustitka detekcija, plitke vode, formiranje snopa, viseputno
prostiranje, hidrofonski niz, niskofrekventna akustika, prostorno-vremenska koberencija, obalna bezbjednost.
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