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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 experi-

mental validation of a passive sonar array optimized for detecting low-frequency acoustic 

emissions from underwater drones in shallow coastal waters up to 50 meters deep. The exper-

imental campaign was conducted under controlled conditions in the coastal waters of the east-

ern Adriatic coast during 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 dif-

ferent propulsion configurations and characteristic frequency emissions in the range of 50 Hz 

to 500 Hz were used as reference targets. The innovative contribution of this research is the 

development and validation of an Adaptive Spatio-Temporal Signal Coherence (ASTC) algo-

rithm that integrates beamforming techniques with wavelet decomposition and machine learn-

ing for classifying acoustic signatures in multipath sound propagation conditions characteris-

tic of shallow waters. Results demonstrate that the proposed ASTC algorithm achieves a de-

tection 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 crit-

ical factor for successful detection in shallow waters is compensation of multipath effects that 

cause destructive interference at specific frequencies dependent on depth and seabed type. 

The proposed methodology enables practical implementation of early warning systems for 

protection of port installations, critical submarine infrastructure, and ecologically sensitive 

coastal zones. 

Keywords: passive sonar, underwater drones, acoustic detection, shallow waters, beam-

forming, multipath propagation, hydrophone array, low-frequency acoustics, spatio-temporal 

coherence, coastal security.

 

Introduction 

 

The past decade has witnessed an 

exponential growth in the application of 

unmanned underwater vehicles in civilian 

and military applications. Technological 

advances in miniaturization of electronic 

components, increased battery capacity, 

and development of autonomous navigation 
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systems have enabled the construction of 

underwater drones capable of operating in-

dependently for extended time periods with 

minimal acoustic and electromagnetic sig-

natures (Blidberg, 2001; Yuh, 2000). These 

vehicles find applications in oceanographic 

research, inspection of submarine infra-

structure, military reconnaissance opera-

tions, mine countermeasures, and unfortu-

nately, in potentially malicious activities in-

cluding smuggling, espionage, and terror-

ism (Button et 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 kilo-

grams, and large vehicles that can exceed 

several tons (Wynn et al., 2014). For the 

purposes of this research, the focus is di-

rected toward the category of small and mi-

cro underwater drones that represent the 

most challenging detection target due to re-

duced dimensions, minimal acoustic emis-

sions, and the ability to operate in shallow 

and acoustically complex environments 

(Ferri et al., 2017). Commercially available 

underwater drones in this category typically 

use electric propulsion systems with brush-

less motors that generate characteristic to-

nal components in the low-frequency part 

of the spectrum, dominantly in the range of 

50 Hz to 500 Hz, with harmonics extending 

to several kilohertz (Koschinski & Lüde-

mann, 2013). 

Detection of underwater objects tra-

ditionally relies on active sonar systems 

that emit acoustic pulses and analyze return 

echoes. However, active sonars show sig-

nificant limitations in detecting small un-

derwater drones for several reasons. First, 

the small radar cross-section of these vehi-

cles results in weak return echoes that are 

often indistinguishable from background 

reverberation, especially in shallow waters 

with complex bathymetry and heterogene-

ous seabed composition (Lurton, 2010). 

Second, modern underwater drones in-

creaseingly use materials and shapes that 

minimize acoustic reflection, making them 

nearly invisible to conventional active sys-

tems (Li et al., 2020). Third, active emis-

sion reveals the position of the detection 

system and can activate counter-sonar 

measures on more sophisticated platforms 

(Nielsen, 1991). 

Passive sonar systems represent an 

alternative approach based on detection and 

analysis of acoustic emissions that the tar-

get itself generates. Underwater drones 

emit sound through several mechanisms: 

operation of the propulsion system includ-

ing electric motors and transmissions, pro-

peller cavitation at higher speeds, hydrody-

namic noise caused by water flow around 

the hull, and payload operations such as so-

nar or manipulators (Ross, 1976; Urick, 

1983). Passive detection eliminates the 

need for emission that would reveal the de-

tector, enables continuous monitoring of 

large water areas, and can provide infor-

mation about target type and condition 

based on spectral signature analysis (Knight 

et al., 1981). 

Shallow coastal waters, defined as 

water bodies up to approximately 200 me-

ters deep where surface and bottom wave 

modes significantly affect sound propaga-

tion, represent a challenging environment 

for any type of acoustic detection (Jensen et 

al., 2011). Sound propagation in shallow 

waters is characterized by multipath propa-

gation where acoustic energy reaches the 

receiver through a combination of direct 

path and a series of reflections from the sur-

face and bottom (Etter, 2018). These multi-

path components interfere constructively or 

destructively depending on the path differ-

ence, signal frequency, source and receiver 

depth, and acoustic characteristics of 

boundary surfaces, resulting in complex 

spatial and frequency patterns that can sig-

nificantly degrade detection system perfor-

mance (Porter & Bucker, 1987). 
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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 

waveguide 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 et al., 2001). For typical coastal 

conditions with depths from 20 to 50 meters 

and sandy-muddy bottom, frequencies be-

low 100 Hz often propagate as one or two 

modes, while frequencies above 500 Hz can 

support dozens of modes with complex mu-

tual interference (Harrison & Harrison, 

1995). 

Beamforming techniques represent 

the foundation of spatial signal processing 

in passive sonar systems, enabling spatial 

filtering that amplifies signals from the de-

sired direction while suppressing noise and 

interference from other directions (Van 

Trees, 2002). Conventional beamforming 

(CBF) applies fixed weighting coefficients 

to array elements to steer sensitivity in a 

specific direction, while adaptive methods 

such as the MVDR (Minimum Variance 

Distortionless Response) algorithm dynam-

ically adjust weights to minimize output 

power while preserving gain in the direc-

tion of the signal of interest (Capon, 1969). 

Application of beamforming in shallow wa-

ters is complicated by multipath propaga-

tion that causes signal spatial coherence dif-

ferent from that predicted by the point 

source model in an infinite homogeneous 

medium (Carey & Moseley, 1991). 

Wavelet transformation introduced 

a revolutionary approach to non-stationary 

signal analysis enabling simultaneous reso-

lution in the time and frequency domain 

(Mallat, 1999). Unlike Fourier transform 

that provides global frequency information 

without temporal localization, wavelet de-

composition uses scaled and translated 

versions of the basis function to decompose 

the signal into components with optimal 

balancing of time and frequency resolution 

according to the Heisenberg uncertainty 

principle (Daubechies, 1992). This charac-

teristic makes wavelets particularly suitable 

for analyzing acoustic signals of underwa-

ter drones that often show time-varying 

spectral characteristics due to variations in 

speed, operating depth, and operating 

modes of the propulsion system (Cohen, 

1995). 

Application of machine learning 

techniques in underwater acoustics has seen 

significant growth in the past decade, moti-

vated by the ability of these methods to ex-

tract complex nonlinear patterns from high-

dimensional data (LeCun et al., 2015). 

Classification of underwater acoustic 

sources has been successfully demonstrated 

using support vector machines, random for-

ests, neural networks, and deep learning on 

features extracted from spectrograms, mel-

frequency cepstral coefficients, and wavelet 

coefficients (Santos-Domínguez et al., 

2016; Kamal et 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 expected in real environ-

ments (Goodfellow et al., 2016). 

Literature review shows that while 

there exists an extensive research base on 

detection of conventional submarines and 

large vessels by passive sonar, and signifi-

cant 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 environment. Stud-

ies addressing this problem are mostly lim-

ited to simulation studies or controlled la-

boratory experiments that do not reflect the 

complexity of real conditions (Maranda, 

2001; Kopp et al., 2010). The lack of exper-

imentally validated methodologies for 
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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 strategic importance. Port installa-

tions, offshore energy facilities, submarine 

cables and pipelines, and ecologically sen-

sitive areas such as marine protected zones 

represent potential targets of malicious ac-

tivities or locations where unauthorized 

presence of underwater drones is undesira-

ble (Weydahl et al., 2015). Conventional 

coastal surveillance systems predominantly 

rely on radars, electro-optical sensors, and 

AIS (Automatic Identification System) 

which are inherently limited to detection of 

surface and aerial threats, leaving the un-

derwater domain insufficiently monitored 

(Ponsford et al., 2001). 

Specific objectives of this research 

include: development and experimental 

validation of an algorithm for passive 

acoustic detection of small underwater 

drones in shallow coastal waters; character-

ization of acoustic signatures of representa-

tive types of commercial underwater drones 

in the frequency and time domain; quantifi-

cation of the impact of multipath propaga-

tion on detection performance and develop-

ment of compensation methods; and evalu-

ation of applicability of the proposed meth-

odology for operational coastal surveillance 

systems.  

 

Methodology 

 

The experimental campaign was 

conducted in the coastal waters of the east-

ern Adriatic coast near the island of Korčula 

during the period from March 15 to April 

12, 2023. The location was selected based 

on representativeness for typical Adriatic 

coastal conditions with water depth be-

tween 25 and 45 meters, predominantly 

sandy to muddy bottom, and relatively low 

levels of anthropogenic acoustic noise due 

to distance from main shipping routes and 

industrial facilities. Bathymetric measure-

ments were conducted with Kongsberg EM 

2040 multibeam sonar with 1-meter resolu-

tion, while sediment characteristics were 

determined by acoustic bottom profiling 

and grab sampling at selected positions. 

The hydrophone array was config-

ured as a linear horizontal system of 16 

Brüel & Kjær 8104 elements with hydro-

phone sensitivity of -205 dB re 1V/μPa and 

flat frequency response in the range from 

0.1 Hz to 120 kHz. The inter-element spac-

ing of 0.75 meters was selected as a com-

promise between spatial resolution at fre-

quencies of interest and practical imple-

mentation constraints, resulting in a total ar-

ray aperture of 11.25 meters. For a fre-

quency of 500 Hz (wavelength approxi-

mately 3 meters), this spacing corresponds 

to approximately one-quarter wavelength, 

while for a frequency of 50 Hz (wavelength 

approximately 30 meters), it represents 

only 2.5% of the wavelength, implying lim-

ited spatial selectivity at the lowest frequen-

cies of interest. Hydrophones were 

mounted on a neutrally buoyant steel struc-

ture anchored at a depth of 15 meters, 10 

meters above the seabed at a location with 

an average depth of 25 meters. Array posi-

tioning and orientation were verified by 

acoustic calibration using a reference 

source of known position. 

The data acquisition system was 

based on a National Instruments Compact-

DAQ platform with NI-9234 IEPE modules 

for simultaneous sampling of all 16 chan-

nels at a frequency of 51.2 kHz and 24-bit 

resolution. GPS time synchronization was 

ensured by a precise time standard derived 

from a GPS receiver with 100-nanosecond 

accuracy. Data were stored locally on 4 TB 

SSD media with subsequent transfer to the 

laboratory for detailed analysis. Approxi-

mately 180 hours of acoustic recordings 
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were collected during the experimental 

campaign. 

Three commercially available un-

derwater 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, maximum speed 1.7 m/s), and 

Fifish V6 EXPERT by QYSEA (mass 4.8 

kg, 6 thrusters, maximum speed 1.5 m/s). 

All three drones use brushless electric mo-

tors powered by lithium-polymer batteries 

and allow autonomy of 2 to 4 hours depend-

ing on operating mode. The selection of 

these models was motivated by their repre-

sentativeness for the category of commer-

cial underwater drones available on the 

market, differences in propulsion system 

construction resulting in different acoustic 

signatures, and practical availability for ex-

perimental purposes. 

The experimental protocol included 

a series 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 incre-

ments of 50 meters up to 500 meters, and 

then in increments of 100 meters up to max-

imum distance. For each distance, measure-

ments 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 measurements, with additional 

measurements at speeds of 0.5 m/s and 1.5 

m/s to evaluate the effect of speed on acous-

tic signature. Drone operating depth was 

varied between 5, 10, and 15 meters below 

the surface. 

Drone positioning during experi-

ments 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 vessel. A USBL 

transponder integrated into each drone ena-

bled continuous tracking of underwater po-

sition at an update rate of 1 Hz. Time syn-

chronization of USBL positions with acous-

tic recordings enabled precise correlation 

between detected signals and actual target 

position for purposes of evaluating detec-

tion and localization algorithms. 

In addition to controlled experi-

ments with reference targets, extended re-

cordings of ambient acoustic noise were 

conducted without the presence of drones to 

characterize 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 different sea conditions (sea states 1-

3 on the Douglas scale), different times of 

day, and in the presence of various noise 

sources including passage of fishing ves-

sels, biological sources (crustaceans, shell-

fish, fish), and meteorological conditions 

(wind, rain). 

Oceanographic parameters relevant 

to sound propagation were collected contin-

uously during the experimental campaign. 

Temperature, salinity, and pressure profiles 

were measured by CTD probe SBE 19plus 

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 con-

ducted by analysis of sediment samples and 

in-situ impedance measurements using 

acoustic profiling, identifying predomi-

nantly medium to fine sand with admixtures 

of mud and average sound speed of 1650 

m/s and density of 1850 kg/m³. 

Signal processing was conducted in 

the MATLAB R2023a programming envi-

ronment with additional toolboxes for Sig-

nal Processing, Wavelet, Statistics and Ma-

chine Learning, and Phased Array System. 
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Raw acoustic data were subjected to pre-

processing that included band-pass filtering 

at 20-600 Hz, decimation to an effective 

sampling frequency of 2400 Hz adequate 

for the frequency range of interest, and 

compensation of individual hydrophone 

sensitivity based on calibration data. Data 

segmentation was performed into non-over-

lapping frames of 1-second duration (2400 

samples) for frequency domain analysis. 

Conventional beamforming was 

implemented as phase-delayed summation 

of signals with weighting windows for side-

lobe control of the directivity pattern. Beam 

steering was achieved by calculating appro-

priate phase delays for each array element 

according to the expression τₘ = md 

sin(θ)/c, where m is the element index, d is 

the inter-element spacing, θ is the steering 

angle, and c is the sound speed. Space scan-

ning was performed in the azimuthal range 

from -90° to +90° in 1° increments, gener-

ating a time-varying spatial spectrum. The 

beamformer output power for each direc-

tion and time frame was used as one of the 

input features for the classification algo-

rithm. 

MVDR adaptive beamforming was 

applied as an advanced spatial processing 

method with potential for better interfer-

ence and noise suppression. The algorithm 

calculates optimal weighting coefficients 

according to the expression w = R⁻¹a(θ) / 

(aᴴ(θ)R⁻¹a(θ)), where R is the estimate of 

the input signal covariance matrix, a(θ) is 

the steering vector for the desired direction, 

and H denotes Hermitian transpose. Covar-

iance matrix estimation was performed by 

time averaging over 100 samples with diag-

onal loading of 0.1 of the matrix trace to en-

sure numerical stability. Comparison of 

CBF and MVDR beamforming perfor-

mance was conducted on a subset of data to 

evaluate relative advantages in shallow-wa-

ter propagation conditions. 

Wavelet decomposition was ap-

plied to beamformer output signals using 

discrete wavelet transform with Daubechies 

4 (db4) basis function selected based on 

previous acoustic classification studies 

(Santos-Domínguez et al., 2016). Decom-

position was performed at 6 levels, separat-

ing the signal into details D1 to D6 and ap-

proximation A6 with corresponding fre-

quency subbands from 600-300 Hz (D1) to 

9.4-4.7 Hz (D6) and 4.7-0 Hz (A6). For 

each level, energy statistics were calculated 

as the sum of squared coefficients, and 

skewness and kurtosis coefficients of coef-

ficient distribution, forming a 24-dimen-

sional feature vector from the wavelet do-

main. 

Additional features were extracted 

from the frequency domain using the peri-

odogram with Welch's method with Han-

ning windows of 512 samples and 50% 

overlap. 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 ana-

lyzed by detecting series of peaks at multi-

ples of the fundamental frequency, charac-

teristic of tonal emissions from underwater 

drone electric motors. The frequency do-

main feature vector comprised 15 elements 

including 5 dominant frequencies, their 

magnitudes, widths, and harmonicity coef-

ficient. 

The innovative Adaptive Spatio-

Temporal Coherence (ASTC) algorithm de-

veloped in this research integrates spatial 

processing by beamforming, time-fre-

quency analysis by wavelet decomposition, 

and machine learning classification into a 

coherent framework optimized for shallow-

water propagation conditions. The key nov-

elty of the algorithm consists in adaptive 

compensation of multipath effects achieved 

by estimating signal coherence between hy-

drophone pairs as a function of frequency 

and time delay. For a given pair of hydro-

phones separated by distance d, multipath 

propagation causes frequency-dependent 

fluctuations in mutual coherence that can be 
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modeled as an interferometric pattern deter-

mined by differences in phase paths of di-

rect wave and reflected components. 

The ASTC algorithm estimates the 

coherence matrix Γ(f,τ) whose elements 

γᵢⱼ(f,τ) represent the normalized cross-corre-

lation of signals at hydrophones i and j for 

a frequency band centered at f and time de-

lay τ. Theoretical predictions of the coher-

ence matrix for different source scenarios 

and propagation conditions are derived 

from the normal modes model using the 

KRAKEN software package for solving the 

characteristic equation of the acoustic 

waveguide. Comparison of measured and 

theoretical coherence matrices identifies 

the scenario with the best match, providing 

more robust geometry estimation than di-

rect interpretation of beamformer output. 

This estimation is used to adaptively adjust 

beamforming parameters and correct ex-

tracted features for multipath effects char-

acteristic of the estimated geometry. 

Classification was performed using 

the Random Forest algorithm that forms an 

ensemble of decision trees trained on differ-

ent subsets of data and features, with final 

prediction made by majority vote of trees 

(Breiman, 2001). The choice of Random 

Forest algorithm was motivated by its ro-

bustness to noise, ability to handle high-di-

mensional feature space without need for 

selection, and interpretability in terms of 

importance of individual features. The 

model was configured with 200 trees, max-

imum 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 network 

with one hidden layer were evaluated for 

comparison. 

The training and testing dataset was 

formed from controlled experiments cate-

gorized into positive examples (drone pre-

sent) and negative examples (ambient noise 

without drone). Positive examples comprise 

2400 one-second segments evenly distrib-

uted across three drone types, different dis-

tances, directions, and depths. Negative ex-

amples 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 en-

suring that segments from the same experi-

mental run are not present in both sets, 

eliminating potential bias due to temporal 

correlation. 

Evaluation of detection algorithm 

performance was conducted using standard 

binary classification metrics including ac-

curacy (ratio of correct classifications to to-

tal number of examples), precision (ratio of 

true positives to all positive predictions), re-

call or detection probability (ratio of true 

positives to actual positive examples), and 

false alarm rate (ratio of false positives to 

actual negative examples). The Receiver 

Operating Characteristic (ROC) curve was 

constructed by varying the classification 

threshold, and the area under the ROC 

curve (AUC) was used as an integral meas-

ure of class separability. Statistical signifi-

cance testing of differences in performance 

between methods was conducted using 

McNemar's test at a significance level of 

0.05. 

 

Research Results 

 

Characterization of ambient acous-

tic noise at the experimental site showed 

spectral power density levels consistent 

with literature data for typical coastal wa-

ters of temperate climate zone. In the fre-

quency range from 50 to 500 Hz, the aver-

age spectral level was 68 dB re 1 μPa²/Hz 

at sea state 1 (calm), increasing to 75 dB re 

1 μPa²/Hz at sea state 3 (moderately rough). 

Dominant sources of ambient noise in-

cluded passage of vessels at distances of 

several kilometers (characteristic low-fre-

quency signature with maximum around 

80-120 Hz), biological sources (snapping 
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shrimp in the 2-200 kHz range, fish vocali-

zations below 1 kHz), and surface noise 

generated by wind and waves. Temporal 

variations in ambient noise showed pro-

nounced day-night modulation of the bio-

logical component, with increased activity 

during night, and correlation with vessel 

passage according to AIS records. 

Acoustic signatures of the three 

tested underwater drones showed character-

istic spectral profiles enabling mutual dis-

tinction. BlueROV2 Heavy emits a domi-

nant tonal component at 127 Hz corre-

sponding to the rotational speed of main 

thrusters at nominal load, with pronounced 

harmonics at 254 Hz and 381 Hz. Addi-

tional components were identified at 340 

Hz related to electric motors of controllable 

thrusters and broadband cavitation noise in 

the 400-600 Hz range at higher travel 

speeds. Chasing M2 PRO showed a thruster 

fundamental frequency at 156 Hz with har-

monics, while Fifish V6 EXPERT had the 

lowest fundamental frequency of 98 Hz. 

Differences in spectral signatures correlate 

with differences in propulsion system con-

struction, particularly the number of poles 

of brushless motors and propeller diame-

ters. 

Source Level (SL) of underwater 

drones was estimated by compensating for 

transmission 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 μPa 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 lev-

els by approximately 3-5 dB in all bands, 

consistent with their smaller mass and pro-

pulsion system power. Variation of source 

level with travel speed follows approxi-

mately cubic law, with an increase of ap-

proximately 6 dB for doubling of speed, in 

accordance with theoretical predictions of 

dominance of hydrodynamic and cavitation 

noise at higher speeds. 

Analysis of multipath propagation 

at the experimental site was conducted by 

comparing measured impulse responses 

with normal mode model predictions. For a 

typical depth of 30 meters with source at 10 

meters and receiver at 15 meters, the model 

predicts significant reflections from surface 

and bottom with time delays of 3 to 15 mil-

liseconds relative to the direct path for dis-

tances up to 500 meters. Constructive inter-

ference of direct and reflected waves occurs 

at frequencies where path difference corre-

sponds to an integer number of wave-

lengths, while destructive interference 

causes significant spectral notches at inter-

mediate frequencies. Experimentally meas-

ured spectra of underwater drone signals 

show characteristic oscillations around the 

average level with period in the frequency 

domain consistent with theoretical predic-

tions for the measurement geometry. 

Impact of multipath propagation on 

conventional beamforming performance 

was quantified by comparing estimated and 

actual source position. For distances up to 

200 meters, conventional beamforming 

achieves azimuthal estimation accuracy 

within ±2° for all frequencies of interest. At 

larger distances, multipath propagation 

causes progressive increase in error, reach-

ing ±8° at 500 meters and ±15° at 800 me-

ters for frequencies above 200 Hz. Lower 

frequencies show less performance degra-

dation due to simpler modal structure of 

propagation. Adaptive MVDR beamform-

ing provides 20-30% improvement in esti-

mation accuracy at larger distances thanks 

to ability to suppress coherent multipath 

components, but with increased computa-

tional complexity and sensitivity to errors 

in covariance matrix estimation. 

The ASTC algorithm developed in 

this research demonstrates significant im-

provement in compensating multipath ef-

fects compared to conventional methods. 
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Estimation of coherence matrix as a func-

tion of frequency and spatial delay enables 

identification of dominant propagation 

modes and their relative amplitudes. Com-

parison with library of theoretical coher-

ence matrices for different combinations of 

source depth and distance identifies the sce-

nario with best match, providing more ro-

bust geometry estimation than direct inter-

pretation of beamformer output. Experi-

mental validation on controlled drone runs 

shows that ASTC achieves distance estima-

tion accuracy within ±15% for distances up 

to 600 meters, compared to ±30% for con-

ventional beamforming under the same 

conditions. 

Features extracted by wavelet de-

composition show high discriminative 

value for classifying drone presence and 

identifying type. Energy in detail coeffi-

cients D3 and D4, corresponding to the fre-

quency range of 75 to 300 Hz, shows the 

most pronounced difference between exam-

ples with drone and ambient noise. Skew-

ness coefficient of wavelet coefficient dis-

tribution at level D2 (150-300 Hz) shows 

characteristically positive value for under-

water drone signals due to tonal compo-

nents, while ambient noise shows approxi-

mately symmetric distribution. Feature im-

portance 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 com-

plement wavelet features with information 

about harmonic structure of the signal. 

Presence of series of spectral peaks at mul-

tiples of fundamental frequency, quantified 

by harmonicity coefficient, shows high pre-

dictive value for detecting underwater 

drones whose electric motors generate pro-

nounced tonal emissions. Ambient noise, 

including ship traffic at greater distances, 

typically shows less pronounced harmonic 

structure or harmonics at different funda-

mental frequencies, enabling distinction. 

Frequency features contribute the remain-

ing 35% of classifier discriminative 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 degra-

dation, while inclusion of ASTC features 

maintains performance relatively stable up 

to 800 meters. This characteristic makes the 

ASTC approach particularly valuable for 

applications requiring detection at larger 

distances in shallow-water conditions. 

Classification results for the com-

plete ASTC algorithm on the test dataset are 

presented in the summary metrics table. 

Overall classification accuracy is 96.1%, 

with precision 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 excellent class separabil-

ity. The confusion matrix details the distri-

bution of classifications across categories: 

of 720 test examples with drone present, 

678 were correctly classified as positive 

(true positives), 42 were incorrectly classi-

fied as negative (false negatives); of 720 ex-

amples without drone, 705 were correctly 

classified as negative (true negatives), 15 

were incorrectly classified as positive (false 

positives). 

Comparison of ASTC algorithm 

performance with conventional methods 

was conducted on the identical test dataset. 

Conventional method based solely on fre-

quency analysis (detection of spectral peaks 

in characteristic bands without spatial pro-

cessing and wavelet decomposition) 

achieves detection probability of 70.5% at a 

false alarm rate of 5.3%. Adding beam-

forming without adaptive coherence com-

pensation improves detection probability to 

82.3% at a false alarm rate of 3.8%. Adding 
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wavelet features without coherence com-

pensation reaches 89.1% detection proba-

bility at 2.8% false alarm rate. The com-

plete ASTC algorithm achieves 94.2% de-

tection probability at 2.1% false alarm rate, 

representing an improvement of 23.7 per-

centage points compared to conventional 

frequency analysis and 5.1 percentage 

points compared to the approach without 

coherence compensation. 

Statistical significance of perfor-

mance differences was evaluated by 

McNemar's test on pairs of classification re-

sults for individual test examples. The dif-

ference between the ASTC algorithm and 

all alternative methods is statistically sig-

nificant at p < 0.001 level, confirming that 

the observed improvement is not an artifact 

of random variability in the test set. Confi-

dence intervals for ASTC algorithm detec-

tion probability calculated by bootstrap 

method with 1000 repetitions are 92.8% to 

95.6% at 95% confidence level. 

Analysis of performance as a func-

tion of distance reveals expected degrada-

tion with increasing distance between drone 

and hydrophone array. At distances up to 

200 meters, detection probability is 99.3% 

for all tested methods, reflecting high sig-

nal-to-noise ratio at small distances. At dis-

tances from 400 to 600 meters, conven-

tional methods 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% detection probability, 

compared to 45-55% for conventional ap-

proaches. This superiority at larger dis-

tances is directly attributable to adaptive 

compensation of multipath effects that be-

come the dominant factor of performance 

degradation in shallow-water propagation. 

Classifier performance varied depending on 

the type of underwater drone. BlueROV2 

Heavy, with the strongest acoustic signa-

ture, shows the highest detection probabil-

ity of 96.8% averaged across all distances. 

Chasing M2 PRO achieves 93.5%, while 

Fifish V6 EXPERT has the lowest detection 

probability of 92.1%, consistent with its 

weakest acoustic emissions. Differences 

between drones are statistically significant 

(χ² = 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 be-

tween Chasing M2 PRO and Fifish V6 EX-

PERT 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%, 

degrading 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 condi-

tions in coastal waters, although they iden-

tify sea state and ship traffic as factors that 

need to be considered in operational imple-

mentation. 

Alternative classifiers evaluated for 

comparison with the Random Forest algo-

rithm show competitive but generally infe-

rior performance. 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 perfor-

mance with interpretability through feature 

importance analysis and robustness to 

suboptimal hyperparameter tuning. Deep 

learning with convolutional neural net-

works directly on spectrograms was prelim-

inarily evaluated, showing potentially supe-

rior performance (95.1% detection proba-

bility), but with significantly greater train-

ing data requirements and computational 
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resources that complicate practical applica-

tion. 

Computational complexity of the 

ASTC algorithm was evaluated on a stand-

ard workstation with Intel Xeon processor 

(3.5 GHz, 8 cores) and 64 GB RAM. Pro-

cessing of one-second segment requires an 

average of 45 milliseconds, of which beam-

forming consumes 15 ms, wavelet decom-

position 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 par-

allel processing of multiple scan directions 

to increase spatial coverage. Memory foot-

print of the algorithm is approximately 500 

MB for storing the model and intermediate 

results, compatible with implementation on 

embedded computing platforms for autono-

mous systems. 

 

Conclusion 

 

This research presented the devel-

opment and experimental validation of an 

adaptive spatio-temporal coherence algo-

rithm for passive acoustic detection of 

small underwater drones in shallow coastal 

waters. The fundamental contribution of the 

work consists in demonstrating that integra-

tion of spatial processing by beamforming, 

wavelet analysis, and machine learning 

classification, with innovative adaptive 

compensation of multipath propagation ef-

fects characteristic of shallow waters, ena-

bles significant improvement in detection 

performance compared to conventional ap-

proaches. The experimental campaign con-

ducted in the coastal Adriatic validated the 

methodology under realistic conditions, 

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 

innovative contribution of this study is the 

quantification of ASTC algorithm superi-

ority over conventional methods particu-

larly at larger distances where multipath 

propagation dominantly degrades perfor-

mance. Improvement of 23.7 percentage 

points in detection probability compared to 

standard frequency analysis represents a 

practically significant advance that can im-

ply the difference between timely warning 

and missed detection in operational scenar-

ios. The mechanism of this improvement 

was identified as the ability of coherence 

analysis to distinguish propagation charac-

teristics that are correlates of source dis-

tance and depth, providing implicit com-

pensation of multipath effects that degrade 

conventional methods. 

Characterization of acoustic signa-

tures of the three tested underwater drones 

provided an empirical database useful for 

future research and development of opera-

tional systems. Identified differences in 

fundamental frequencies, harmonic struc-

ture, and source levels between drone types 

reflect constructional characteristics of pro-

pulsion systems and enable not only detec-

tion but also type classification with 87.3% 

accuracy. These results suggest potential 

for development of acoustic signature li-

braries that could integrate information 

about known types of underwater vehicles 

for improved identification in operational 

context. 

Analysis of multipath propagation 

impact on signal propagation in shallow 

coastal waters confirmed theoretical predic-

tions from the literature and provided em-

pirical data specific to the Adriatic Sea. 

Characteristic patterns of constructive and 

destructive interference identified in exper-

imental data are consistent with the normal 

modes model for shallow-water propaga-

tion, validating the theoretical framework 

used for ASTC algorithm development. 

This consistency between theory and exper-

iment increases confidence in applicability 

of results to other locations with similar 
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bathymetric and sedimentological charac-

teristics. 

Practical implications of this re-

search include potential for implementation 

of cost-effective coastal surveillance sys-

tems based on passive sonar arrays. Unlike 

active systems that require powerful trans-

mitters and reveal their position, passive ap-

proaches enable covert surveillance with 

lower energy requirements and mainte-

nance costs. Demonstrated real-time pro-

cessing capability with a safety factor 

greater than 20 on a standard computing 

platform suggests feasibility of implemen-

tation on autonomous underwater or surface 

platforms for mobile coastal zone surveil-

lance. 

Limitations of this research include 

focus on controlled experimental condi-

tions that, although representative of typical 

coastal environment, do not cover the full 

variability of conditions that may be en-

countered in operational application. Ex-

periments were conducted at moderate sea 

states (1-3) and water depths (25-45 m) 

characteristic of the selected location, while 

extreme conditions such as stormy sea or 

very shallow waters below 15 meters were 

not tested. Also, the underwater drones 

used represent commercial platforms that 

do not include potential counter-acoustic 

measures that more sophisticated adver-

saries might implement to reduce acoustic 

signature. 

Future research can be directed in 

several directions identified by this study. 

Extension of experimental validation to dif-

ferent locations with variable bathymetric 

and oceanographic conditions would pro-

vide more robust assessment of ASTC al-

gorithm generalizability. Integration with 

other sensor modalities, particularly mag-

netometers for detection of metallic compo-

nents and electro-optical systems for iden-

tification at short distances, could result in 

a multimodal system with complementary 

capabilities. Application of deep learning 

on larger datasets could potentially further 

improve performance, especially for auto-

matic feature extraction without need for 

expert design. 

Development of an operational sys-

tem based on this methodology requires ad-

ditional considerations including optimiza-

tion of sonar array architecture for specific 

operational requirements, integration with 

command and control systems, protocols 

for alarm validation and coordination with 

other elements of coastal surveillance, and 

assessment of reliability in extended opera-

tional service. Economic cost-benefit anal-

ysis of passive versus active approaches for 

different applications (port protection, off-

shore facilities, submarine cables) would 

provide valuable guidance for decision-

makers in the domain of coastal security. 

In conclusion, this research demon-

strated the feasibility and effectiveness of 

passive acoustic detection of small under-

water drones in shallow coastal waters us-

ing the innovative ASTC algorithm that in-

tegrates spatial, time-frequency, and coher-

ence analysis. The achieved results repre-

sent a significant advance compared to con-

ventional methods and provide a foundation 

for development of practical coastal sur-

veillance systems. In the context of the 

growing challenge that underwater drones 

pose to the security of coastal zones and 

critical submarine infrastructure, such sys-

tems can become an essential component of 

a comprehensive coastal surveillance and 

protection strategy. 
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Sažetak: Proliferacija malih bespilotnih podvodnih vozila (BPV) predstavlja rastući bezbjed-

nosni izazov u obalnim vodama širom svijeta. Ovo istraživanje predstavlja eksperimentalnu 

validaciju pasivnog sonarskog niza optimizovanog za detekciju niskofrekventnih akustičkih 

emisija podvodnih dronova u plitkim obalnim vodama do 50 metara dubine. Eksperimentalna 

kampanja sprovedena je u kontrolisanim uslovima u obalnim vodama istočne jadranske obale 

tokom proljeća 2023. godine, korištenjem linearnog hidrofonskog niza od 16 elemenata s 

međuelementnim razmakom od 0,75 metara. Tri tipa komercijalnih podvodnih dronova s 

različitim konfiguracijama pogona i karakterističnim frekventnim emisijama u opsegu od 50 

Hz do 500 Hz korištena su kao referentne mete. Inovativni doprinos ovog istraživanja je 

razvoj i validacija algoritma Adaptivne Prostorno-Vremenske Koherencije Signala (APVKS) 

koji integriše tehnike formiranja snopa s wavelet dekompozicijom i mašinskim učenjem za 

klasifikaciju akustičkih potpisa u uslovima višeputnog prostiranja zvuka karakterističnog za 

plitke vode. Rezultati pokazuju da predloženi APVKS algoritam postiže vjerovatnoću de-

tekcije od 94,2% pri stopi lažnih alarma od 2,1% za podvodne dronove na udaljenostima do 

800 metara, što predstavlja poboljšanje od 23,7% u poređenju s konvencionalnim metodama 

frekventne analize u ekvivalentnim uslovima. Analiza je dodatno pokazala da je kritični faktor 

za uspješnu detekciju u plitkim vodama kompenzacija višeputnih efekata koji uzrokuju 

destruktivnu interferenciju na specifičnim frekvencijama zavisnim od dubine i tipa morskog 

dna. Predložena metodologija omogućava praktičnu implementaciju sistema ranog upozo-

ravanja za zaštitu lučkih postrojenja, kritične podmorske infrastrukture i ekološki osjetljivih 

obalnih zona. 

Ključne riječi: pasivni sonar, podvodni dronovi, akustička detekcija, plitke vode, formiranje 

snopa, višeputno prostiranje, hidrofonski niz, niskofrekventna akustika, prostorno-vremenska 

koherencija, obalna bezbjednost. 
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