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This paper presents an integrated underwater Automatic Target Recognition (ATR) framework that
synergizes advanced signal processing with deep learning. To eliminate non-stationary ambient
ocean noise and isolate low-frequency modulations, the raw acoustic pressure signals undergo pre-
denoising via Discrete Wavelet Transform (DWT with db4 mother wavelet and soft-thresholding),
followed by Detection of Envelope Modulation on Noise (DEMON) analysis to yield 128-bin
spectral feature vectors. Classification is performed using a dedicated 7-layer 1D Convolutional
Neural Network (1D-CNN) architecture terminating in a Softmax output layer. Acoustic
simulations in MATLAB R2024b generated a balanced dataset of 1,200 audio samples (200
samples per class across six distinct targets: fast boat, rubber zodiac, human diver, giant turtle,
dolphin, and mini submarine) propagated through a 20—40 path shallow-water multipath channel
(fs = 10 kHz). Experimental evaluations demonstrate an overall classification accuracy of 94.93%
and a macro-averaged F1-score of 0.9505. Coupled with an average inference latency of 11.40 ms
per target and Euclidean distance-based thresholding for out-of-distribution anomaly detection, the
proposed system proves computationally efficient and well-suited for real-time passive underwater
surveillance.
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Introduction

reverberant and noisy environments [1], in the complex ocean

Sonar systems, which are often classified into active and
passive sonar systems based on their method of operation, are
widely utilized for underwater detection, identification,
localization, navigation, and communication, in contrast to
active sonar (AS), passive sonar (PS) relies solely on the
acoustic signals it receives to assess the state of the ocean
environment, identify possible targets, and initiate the
appropriate signal processing, spatial signal processing using
receiving arrays is central in modern acoustic systems that
can significantly improve the quality of signal pickup in

environment governed by the physics of computational ocean
acoustics [2], these arrays are increasingly utilized to extract
precise acoustic features of marine targets by measuring
signatures using the DEMON algorithm in passive sonar [3],
with the rapid advancement of artificial intelligence, passive
tracking techniques that integrate spectral analysis and deep
learning have emerged as important tools [4].

Recent survey studies focused on assessing the role of
machine learning in analyzing ship noise [5]. An example of
this is the study, which applied DEMON-type algorithms in
ship and diver detection [6]. In this, it was found that high
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performance is achieved if the systems are built with high-
performance Convolutional Neural Networks (CNNs) [7],
and these frameworks increased performance with integrated
signal denoising and hybrid modeling[8]. The structure of the
acoustic sensor is based on the sequential application of
simple noise reduction algorithms [9]. This structure has
proven very effective in improving acoustic sensor
performance.

Underwater beam forming is a method used to spatially steer
a network of hydrophones to achieve signal isolation and
enhancement [10]. The combination of Al and the signal
preprocessing techniques above have made it possible to
formulate networks such as DEMONet [11], and Mixed-
Experts models for target recognition and localization [12].
This method expands the potential of sonar systems to isolate
the specific noise patterns of small crafts and other targets
[13].

Related Work

Researchers use advanced physical models to understand the
complex signal interferences in water. One of these models is
the waveguide invariant theory [14]. This theory is important
for the optimal geometric placement of passive sonar systems
for the best coverage in underwater surveillance [15].
Building on these models, there was a shift to using a Dense
Convolutional Neural Network (Dense CNN) to analyze
acoustic data and recognize targets in the marine environment
[16]. Deep learning for target detection underwater, and in
particular for the integration of neural networks with classical
spectral analysis, has been reviewed in detail, and is
extremely promising [17]. The integration of neural networks
and spatial beamforming has proven incredibly successful in
shallow water acoustic engagement [20]. The integration of
machine learning in neural networks has also proven
successful [21]. This trend has been documented in many
surveys that have tracked the methods of underwater target
recognition [22]. By focusing on the most relevant spectral
attributes, Attention-based DNN networks help achieve
higher classification accuracy [23]. In order to accomplish
this, the acoustic signal needs to be cleaned of background
noise. This process has a strong mathematical basis, at the
core of this complex processing pipeline lies the urgent need
to purify the acoustic signal from random background noise
before feeding it into intelligent classification networks, this
denoising process is mathematically rooted in soft-
thresholding algorithms [24], which represent the cornerstone
of the wavelet transform filters utilized in the methodology
proposed in this paper.

Problem Statement

Continuous and reliable monitoring of the marine
environment is necessary to effectively protect offshore
assets; therefore, a critical means of monitoring and
identifying a variety of marine targets, such as surface and
submerged vessels, and to employ passive sonar systems for
identification of all divers. The shallow-water acoustic
channel provides a very difficult and complex environment
for precise signal processing because of the significant
degradation of acoustic signatures acquired via hydrophone
arrays due to multipath, heavy ambient ocean noise and
dynamic interference, resulting in low SNR. Standard
automated target recognition and signal filtering techniques
typically do not work well under these extreme conditions.
There exist significant challenges inherent in the use of
conventional filters to remove non-linear, non-stationary
environmental noise while simultaneously preserving low

frequency target features such as cavitation and modulation
frequencies.
In addition, standard feature extraction techniques are
consistently producing distorted or inaccurate signatures
which result in reduced accuracy or robustness of the
classification techniques based on those features. This
research will provide solutions to address the significant
vulnerability of current passive sonar classification systems
to extreme acoustic degradation and the urgent need for an
automated framework to effectively denoise raw hydrophone
data, maintain the physical modulations of the target, and
utilize state-of-the-art deep learning architectures to provide
high confidence classification in realistic, high noise level,
underwater environments.
Methodology
This study offers an all-encompassing structure for the
application of automatic target recognition technology in
marine settings by utilizing advanced signal processing
methods, along with a deep learning model, that can
successfully operate in extremely noisy underwater
environments. The methodology consists of several stages,
including:
1. Data modeling and simulation of the acoustic
environment—to evaluate and train the system, passive
acoustic assertions were simulated for six types of marine
target classes (i.e. fast boats, submarines, and human divers),
including multipath channel effects reflecting
surfaces/dispersal effects due to distance from source(s); the
use of pink noise added to background sound at low signal-
to-noise ratio (SNR) provided a simulation for the adverse
effect of ocean conditions; and array beam forming to
improve the spatial gain of the target's audio signal before
processing.
2. Wavelet-Based Denoising
Extraction.
To suppress non-stationary marine ambient noise and
dynamic ocean multipath interference prior to envelope
demodulation, the acoustic pressure time-series signals
undergo pre-denoising via Discrete Wavelet Transform
(DWT). Multi-resolution decomposition is executed using the
Daubechies 4 (db4) mother wavelet across 4 decomposition
levels. Universal soft-thresholding is applied to the detail
coefficients at each level to filter out high-frequency thermal
and ambient fluctuations while preserving essential structural
transients.
3. Following wavelet denoising, Detection of Envelope
Modulation on Noise (DEMON) analysis is performed by
high-pass filtering, full-wave rectification, low-pass filtering,
and Fast Fourier Transform (FFT) processing to extract 128-
bin normalized spectral feature vectors ( 128 x1 )
representing low-frequency shaft and blade passage
modulations.
4. 1D-CNN Network Topology
The classification pipeline relies on a lightweight, 7-layer 1D
Convolutional Neural Network (1D-CNN) optimized for
spectral pattern recognition. As detailed below, the 7
operational layers are structured as follows:
1. Input Layer: Accepts normalized 128 x 1 DWT-
DEMON spectral feature vectors.
2. Convolutional Layer 1 (Conv Block 1): Consists of 20
filters with a 1 x 7 kernel size, applied with a stride of
1 and 'same' zero-padding to preserve boundary
spectral energy. This layer is integrated with Batch
Normalization (BN) and Rectified Linear Unit (ReLU)
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activation.

3. Max Pooling Layer 1: Appliesa 1 x 2 pool size with a
stride of 2 to downsample feature map dimensions to
64 x 20.

4. Convolutional Layer 2 (Conv Block 2): Expands depth
using 40 filters with a 1 x 5 kernel size, utilizing a
stride of 1 and 'same’ padding, coupled with BN and
ReLU.

5. Max Pooling Layer 2: Uses a1 x 2 pool size with a
stride of 2 to condense the latent output down to 32 x
40.

6. Fully Connected Dense Layer (FC1): Flattens features
into an 80-neuron layer with RelLU activation,
regulated by a Dropout rate of 0.35 to prevent model
overfitting.

7. Output Layer (FC2): Comprises 6 neurons with a
Softmax activation function to compute class
probability distributions across the target categories.

The spectral data was processed by a custom one-
dimensional convolutional neural network (1D CNN) to
classify the target recognition task using (1D-CNN). The 1D-
CNN consists of several Convolutional Layers operating in
succession, all of which are supported by Batch
Normalization for stability during training and also have Max
Pooling layers to reduce dimensionality, a set of fully
connected hidden layers with dropout mechanisms has been
added to the model in order to avoid overfitting.

Mathematical Modelling
To formally evaluate the proposed hybrid work, the physical
acoustic environment and the signal processing stages are
mathematically formulated, the system model encompasses
the multipath propagation channel, array beamforming,
envelope extraction, and the wavelet transform formulation.
A. Underwater Acoustic Propagation Model
In a shallow-water offshore environment, the acoustic signal
emitted by a target undergoes multipath propagation. Let s(t)
represent the broadband source signal modulated by the
propeller blade rate. The received acoustic signal at the m-th
hydrophone, denoted as x ,,, (t), is modeled as:

14

5 () = D A5 (£ = Tp) + 7 (0 (1)
p=1

where A, , is the attenuation factor for the p-th path, ,,, ,, is
the corresponding time delay, and n,,(t) represents the
additive ambient marine noise at the m-th sensor.

B. Array Spatial Filtering

For a Uniform Linear Array (ULA) of M sensors with inter-
element spacing d , Delay-and-Sum Beamforming is
employed. The beamformer output y(t) steered towards the
target's azimuth angle 6 is defined as:

M
1
V(O =35 D Wit +8,,(0)) @

where w,,, is the amplitude weighting for the m — th sensor,
and A,,,(0) is the time delay applied to align the signals
coherently, given by:

(m —1)dsin(6)
B (6) = " 3)
Where c is the speed of sound in water.
Conventional beamforming (CBF), which uses the phase of
the signals received by a particular array element as a
reference, is the most popular beamforming technique, (CBF)

transforms the signal from the temporal domain to the spatial
domain by a procedure called "phase alignment and
accumulation™ [1]. As illustrated in Figure 1, delay-and-sum
beamforming (DASB), one of the basic types of spatial
filtering, entails delaying the outputs from several sensors by
predetermined amounts in order to align the spatial
components of the signals arriving from the target's direction,
followed by summation. When the beamformer is directed
toward a single target, this technique maximizes the average
output power. By using a hydrophone array to steer the
"listening™ direction towards the target, thereby suppressing
noise from other directions and increasing the SNR (Array
Gain), the equation illustrated in formula (2), and as shown in
figure (1).

X1 oA
o——' Delay A,

E
X4
Y o._—.' = Delay 4,
2
5 : - y(t)
2 :
X"EA_ I
O———— JDelayAm
Figure 1: Beamforming Dalay-and -Sum
C. Acoustic Signal Denoising via Wavelet Transform
Prior to getting the modulation envelope, the raw

beamformed acoustic signal x, (t) is affected by transient
hydrodynamic interference and non-stationary cavitation
noise. It is necessary to reduce this background noise while
maintaining the time characteristics of the target's
modulation. Therefore, direct implementation of the 4-level
Discrete Wavelet Transform (DWT) of the signal x,(t) is
applied with the use of the Daubechies 4 (db4) wavelet.
While carrying out the Discrete Wavelet Transform the signal
xp (1), is processed in such a way that it decomposes into
approximation coefficients cA; and detailed coefficients cD;

while being decomposed up to a certain degree J=4:
x5 (8) = T Ay K] by (®) + Z)_; Tice Dy[K] Yy () (4)

where ¢y, (t) and sy (t) denote the scaling and mother
wavelet functions, respectively.

To eliminate non-stationary noise components, the noise
standard deviation 6 is estimated dynamically from the first-
level detail coefficients cD; using Donoho's Median Absolute
Deviation (MAD) scale estimator:

median(|cD4 )

6=
0.6745

()
Using 6, a universal soft-thresholding rule is applied across
all detail coefficients cD;:

A= 6y/2In(N) (6)
cD;[k] = sgn(cD;[k]) - max(0, |cD;[k]| — 1) (7)
where N represents the length of the acoustic signal frame
(N =7,000), A is the universal threshold value, and ET)]-
denotes the thresholded detail coefficients.

The denoised acoustic signal &,(t) is subsequently
reconstructed by applying the Inverse Discrete Wavelet
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Transform (IDWT) using the preserved approximation
coefficients cA, and the thresholded detail coefficients ED]-:

9(t) = IDWT(cA,,cD,,cD,,cDs,cD,) (8)
This stabilized, high-SNR signal %, (t) serves as the clean
input for the subsequent DEMON processing block.

D. DEMON Envelope Extraction

With the broadband noise suppressed, the DEMON algorithm
is applied to the denoised signal J(t) to isolate the amplitude
modulations caused by the target's propeller, first, the analytic
signal z(t) is constructed using the Hilbert Transform
F{-} to remove the negative frequency components:

z(t) = J(t) + jH{P()} ©)

where the Hilbert Transform of the denoised signal is defined
as:

* y()
t—1

1
H@i =1 Far (10)

—00

the instantaneous modulation envelope E(t) is computed as
the magnitude of the analytic signal:

E@®) = z()] = J92(6) + H*(F(1)} (11)
This robust envelope E(t) is subsequently transformed into
the frequency domain via STFT to generate the clear
spectrograms required for the CNN classifier.

E. Spectrogram Generation (STFT)

Convolutional Neural Networks (CNNs) process two-
dimensional data highly effectively. Therefore, the stabilized
1D temporal envelope E(t) must be transformed into a 2D
time-frequency representation using the Short-Time Fourier
Transform (STFT).

The discrete spectrogram matrix S(m, k) at time frame m and
frequency bin k is computed as:

N-1

S(m, k) = | Z E[n+ mH]w[n]eﬁW > (12)

n=
Where: w[n] is the window function (e.g., Hamming
window) used to mitigate spectral leakage, N is the window
length, and H is the hop size.

The resulting matrix S(m, k) represents the DEMON
spectrogram image, which serves as the input feature map for
the deep learning model.

F. Feature Extraction via CNN

The modified CNN architecture relies on depthwise separable
convolutions to reduce computational complexity while
maintaining high feature extraction accuracy [26], a single
spatial filter is applied to each input channel independently to
extract local acoustic features (e.g., blade rate harmonics), for
an input feature map F and a filter kernel K, the output G is
given by:

Dy Dy

Gx,y,c = z z Ki,j,c ’ Fx+i—1,y+j—1,c

i=1 j=1
where D, is the spatial dimension of the kernel, and c is the
channel index 2, pointwise convolution equal to A1 x 1
convolution is then applied to linearly combine the outputs of

(13)

the depthwise layer across all channels. The final output P is

computed as:
Crn

ZVVcn X,y,C

where W represents the weights of the pointwise filter, C;,, is
the number of input channels, and n is the index of the output
filter [27].

Following each convolutional operation, a non-linear
Rectified Linear Unit (ReLU) activation function is applied
along with Batch Normalization (BN) to accelerate
convergence and stabilize training:

(14)

Ay =max(0,BN(P,,,)) (15)

G. Classification Head

At the final stages of the network, to avoid the heavy
computational burden of Fully Connected (FC) layers, the
high-dimensional feature maps are passed through a Global
Average Pooling (GAP) layer.

The GAP layer flattens the 2D spatial dimensions into a 1D
vector v, where each element v, is calculated as the spatial
average of the correspondlng feature map:

Ve = HXWZZA”C

(16)
x=1y=

where H and W denote the height and width of the final
feature map.

The vector v is fed into a Softmax classifier to compute the
predicted probability distribution over the target classes (e.g.,
human divers, mini-submarines, etc.). The probability P;or
class i is calculated using:

el?l

po"
' 21&1 ev

a7

where C is the total number of target classes (in this study,
C = 6). The class with the maximum probability P
commands the network's final target recognition decision.
Results and Discussion

This section offers a thorough analysis of the suggested
hybrid approach for underwater acoustic signal processing
and classification; in order to prove the reliability and
effectiveness of the system, a number of tests have been
carried out to analyze the different stages of the processing
chain starting with the enhancement of signals spatially and
temporally until the Al-based classification of the target
signal.

To evaluate the proposed sonar recognition framework under
realistic shallow-water operational conditions, a synthetic
acoustic dataset comprising six target classes was developed:
Fast Boat, Rubber Zodiac, Human Diver, Mini Submarine,
Dolphin, and Large Turtle.

Acoustic signatures were synthesized at a sampling frequency
of f, =10kHz over a frame duration of T =0.7s,
corresponding to N = 7,000 discrete time-domain samples
per acoustic realization. Spatial array processing gain was
incorporated by modeling an 8-element Uniform Linear
Array (ULA). Acoustic propagation through the ocean
medium was modeled using a discrete multipath channel with
20 to 40 random paths and exponential decay:

Feature Analysis: Spectral integrity and Correlation:
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Before using the data as an input to the CNN, it is essential to
make sure that the extracted features are actually physical
kinematics and not random noise. Figure 2, shows the
Pearson Correlation heatmap of the extracted DEMON
spectral features. In order to ensure the effectiveness of the
CNN and minimize the risk of over-fitting, a Pearson
Correlation analysis was applied to the extracted feature
vector. The entire input vector is N = 128 frequency bins
long, which corresponds to the whole spectrum of DEMON
used for target classification. The calculation of the
correlation matrix was carried out in full dimensions (128).

Feature Correlation Matrix (DEMON Specs)

—

20 - 0.8
40 L s - _

60 15 4

Feature Index

so | - - B

N
20 40 60 80 100 120
Feature Index

Figure 2: Pearson correlation heatmap for the extracted DEMON
spectral features

For visualization purposes and highlighting the most
physically significant phenomena, Figure 3 presents a
magnified sub-matrix corresponding to only the first 16
frequency bins (Low-Frequency Region). This specific
frequency range was chosen for the following reasons:

This region (approximately 0 Hz to 22 Hz) includes the main
propeller shaft frequencies and their harmonics which are the
most distinctive features for maritime objects, and
considering this specific part enables a visual representation
of "Harmonic Coupling" effects which will be invisible in a
full-size (128 times) map.

1. Raw Signal (High Noise) - Fast Boat
T T T T T

E
T
I

Amplitude
o
T

L L L L L L L L L
[ 0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

2. After Wavelet Denoising (db4, Soft Thresh)
T T T T T

Amplitude

L L L L L L L L
o 0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

3. Normalized DEMON Spectrum (CNN Input Features)
T T T T

20 40 60 80 100 120
Feature Index

Figure 3: The sequential time-domain signal processing

Figure 4 shows the time domain processing procedure of
signals from one hydrophone (sequential processing pipeline)
for feature extraction from underwater acoustic signal. The
procedure starts with (1) receiving a raw noisy signal with a
low SNR. After that (2) enhanced signal is obtained using
Delay-and-Sum beamforming and Wavelet Transform
denoising which keeps important cavitation bursts. Then (3)
instantaneous signal envelope is extracted through DEMON
processing which removes DC component and applies low
pass filtering to obtain low frequency mechanical

characteristic such as propeller blade rate.

Fast Boat Rubber Zodiac

1 1

08 08
s g
£ 3

Eos Eos
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Human Diver Mini Submarine
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Eos Eos
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Dolphin

Large Turtle
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Feature Index Feature Index

Figure 4: Average DEMON spectral signatures per target class

Figure 5, presents the selectivity and efficacy of the DWT
preprocessing stage using a db4 wavelet with soft
thresholding.

o Spectral Analysis of Denoising - Fast Boat
O T T T T T

Raw Noisy Signal
——— Wavelet Denoised

Power/Frequency (dB/Hz)

L L L L L L L L L
o 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Noise Floor Reduction (Raw dB - Clean dB)
T T T T T

Reduction (dB)

L L L L L L L L L .|
500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Figure 5: Wavelet denoising performance in the frequency domain
for a fast boat sample

A - Spectral Power Density compares the raw noisy signal
(grey) and the denoised signal (blue). The denoising is
frequency-selective. In the region below 1,000 Hz, the blue
line essentially tracks the grey line, thus demonstrating the
preservation of the crucial low-frequency components of the
target signature that are needed to carry out the DEMON
analysis. In the bandwidth above 2,000 Hz, the blue line is
well below the grey noise floor, indicating the suppression of
broadband pink noise, which contains the dominant noise,
and which contains the denoised signal.

B - Noise Floor Reduction shows (Raw - Clean dB). This
displays significant noise reduction, with maximum noise
reductions exceeding 80 dB at the highest frequencies. As a
result, a specific sample’s SNR is improved on the order of
nearly 4 dB. This improves classification accuracy of the
CNN in a safe and sane manner without signal corruption on
lower frequencies.

Efficiency of the Wavelet Denoising Method: It was
observed that the proposed preprocessing of the signal using
the DWT algorithm with a db4 mother wavelet and soft
thresholding has proven to be efficient against complex noise
conditions in underwater environments.

The Root Mean Square Error (RMSE) of the pristine target
signatures compared to the wavelet-denoised signals was
obtained to be 4.0195 as given in equation
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RMSE = LS, (x) - 2G0)? (18)

where N is the number of discrete samples of the acoustic
signal, x(n) is the amplitude of the pristine, noise-free target
signature at the nth discrete point, and x(n) is the amplitude
of the reconstructed signal after the discrete wavelet
transform (DWT) denoising procedure at the nth discrete
point.

This low error margin proves quantitatively that the wavelet
method successfully reduced the broadband pink noise and
multipath interference without heavily compromising the
essential low-frequency modulations of the signals.

CNN:

Figure 6, shows the loss curves of training and validation,
where there is an asymptotic and smooth convergence of both
curves, as there is a decrease in training loss in the early
epochs and remains stable without any oscillation. The fact
that the training and validation accuracy curves are very close
to each other indicates that there is no overfitting.

The 1D-CNN architecture proposed is presented in
Table 1. The pipeline starts with inputs of normalized
128 x 1 DWT-DEMON spectral feature vectors
passing through the first convolutional block with 20
filter units with a kernel of size 1 x 7, with Batch
Normalization (BN) and Rectified Linear Unit
activation. After that, a Max Pooling layer (pool size 2,
stride 2) reduces the spatial dimensions to 64 x 20. The
second convolution block then broadens the depth of
the features by using 40 filters with a kernel of size 1 x
5, which again streamlines the latent representation to
be of size 32 x 40 following the pooling. Finally, the
feature maps pass through the fully connected dense
layer (FC1) of 80 neurons with a dropout rate of 0.35 to
reduce overfitting, finishing with an output layer (FC2)
of 6 neurons with Softmax activation to produce the
probabilities of classes across the six categories.

conducted over 20 epochs for a total of 700 gradient
update cycles (35 iterations per epoch). Categorical
Cross-Entropy is used as the multi-class loss function.

Table 2: Hyperparameters for Model Training

Hyperparameter Value / Setting Description

Initial  Learning 0.001 (1 X 1073) Constant learning rate

Rate schedule

Mini-Batch Size 32 samples Training subset size
per step

Maximum Epochs 20 epochs Total passes through
dataset

Total Iterations 700 steps 35  iterations  per
epoch

Loss Function Categorical Cross- Multi-class

Entropy optimization loss

Table 1: Detailed Specifications of the Proposed 1D-CNN
Architecture
Layer / Stage Output Parameters &
Dimensions Configurations
Input Layer 1x128x1 Normalized DWT-
DEMON features
(128 bins)
Conv Block 1 1x128 % 20 20 filters, Kernel
size: 1 x 7, Padding:
'same’ + BN + ReLU
Max Pooling 1 1x64x20 Pool size: 1x2 ,
Stride: 1 x 2
Conv Block 2 1 X 64 X 40 40 filters, Kernel
size: 1 x 5, Padding:
'same' + BN + ReLU
Max Pooling 2 1x32x40 Pool size: 1x2 ,
Stride: 1 x 2
Dense (FCl) + 80 80 Neurons + RelLU,
Dropout Dropout Rate = 0.35
Output (FC2) 6 6 Target Classes +

Softmax Layer

As per the hyperparameter settings and training
methodology given in Table 2, the network uses a fixed
learning rate schedule of n = 0.001 and a mini-batch
size of 32 samples per iteration. The training is

Training Frogress (12-Apr-2028 21:26:22)

e el sy s e el Sl el sl T2

0)
%
-
I

Figure 6: Accuracy and loss curve for training progresé:CNN

Figure 7 presents the confusion matrix for the developed
algorithm where the True Labels are presented by the vertical
axis and the Predicted Labels — by the horizontal one.

Diagonal Dominance - the matrix demonstrates the high
concentration of the values along the diagonal, that proves
the high accuracy of the samples classification, what is
consistent with the high accuracy of the algorithm as a whole.

Sonar Target Classification (Accuracy: 94.93%)

True Class

100.0%  100.0%  79.5% 93.3%  100.0%  100.0%

N oo o
OQ\Q“ P . o

performance on the test set

As depicted in the Confusion Matrix, the proposed
framework achieves high class precision (100.0%) for both
the Fast Boat and Dolphin categories, with an overall recall
of 98.4%. Specifically, out of 63 test samples per class,
exactly 62 samples were correctly identified, while 1 sample
from each class was misclassified into the Human Diver
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category (row 1, col 3 = 1; row 2, col 3 = 1). The high
separability of these two classes stems from their distinct
physical acoustics:

Fast Boat Dynamics: Fast surface vessels generate high-
speed propeller rotation, resulting in intense tip-vortex
cavitation and strong, continuous Blade Passage Frequency
(BPF) harmonic modulations. These high-amplitude periodic
envelopes vyield highly pronounced, multi-harmonic spectral
peaks in the DWT-DEMON profile that are orthogonal to
low-speed acoustic targets.

Dolphin Biological Acoustics: Dolphin signatures consist
strictly of high-frequency bio-sonar  whistles and
echolocation pulses ( > 1kHz ) lacking any rotational
mechanical components or shaft modulations. The complete
absence of mechanical cavitation dynamics creates a highly
distinct spectral profile compared to artificial vessels.
Nevertheless, the conducted analysis shows that the latent
representations belonging to the Fast Boat and Dolphin
signatures belong to separate clusters which have big
Euclidean distance.

Physical Analysis of the Human Diver Acoustic
Signature: A detailed class-wise performance evaluation
indicates that while motorized vessels (fast boat, mini
submarine, and rubber zodiac) exhibit highly distinct spectral
peaks in their DEMON envelopes, the human diver class
displays a comparatively lower classification confidence.
From an acoustic physics perspective, this phenomenon is
attributed to the fundamental mechanism of sound
generation:

1. Lack of Mechanical Propeller Cavitation: Motorboats
produce strong periodic amplitude fluctuations resulting from
spinning propeller blades and rotates shaft. DEMON detects
these harmonic carrier fluctuations well. In contrast, the noise
made by a human diver comes mainly from scuba regulator
demand valves, periodic breathing bubble collapse and
hydrodynamic agitation due to movement of fins.

2. Spectral Similarity to Ambient Noise: The emission of the
noise of open-circuit breathing devices does not have fixed
frequency of rotational modulations. Rather, the noise of air
bubbles bursting is presented in the form of transient
broadband bursts substantially overlapping with changing
ocean sounds, i.e. sea waves break and background thermal
noise. By applying the 4-level db4 Discrete Wavelet
Transform (DWT), high-frequency transient interference is
suppressed, allowing the custom 1D-CNN to detect subtle
low-frequency respiratory rhythms (0.8 Hz — 1.2 Hz) that
would otherwise be completely masked in uncleaned low-
SNR passive sonar signals.

As shown in Table 3, the proposed 1D CNN provided
excellent classification performance on the unseen test data
set with an accuracy of 94.93%.

The further breakdown of the macro-averaged measures into
Precision, Recall, and F1-Score provides the numbers of
0.9546,0.9491, and 0.9505, respectively, indicating a
highly balanced classification model without any bias. Class-
specific analysis confirms the excellent performance of the
system in the detection of mechanical targets. Such
differences are expected and realistic considering the
properties of the underwater acoustics and are mainly caused
by the fact that a human diver has a very weak acoustic
signature and his breathing and other movements may be
similar to transient noise. However, from the security point of
view, the Recall rate of 0.9355 for this class is highly
important as it guarantees a very low false negative rate

despite the occasional false positive.

Table 3: Class-wise Performance Metrics of the Proposed 1D-CNN
Classifier

CLASS NAME PRECISION RECALL F1-SCORE
Fast Boat 1.0000 0.9841 0.9920
Rubber Zodiac 1.0000 0.9841 0.9920
Human Diver 0.7945 0.9355 0.8593
Mini Submarine 0.9333 0.9032 0.9180
Dolphin 1.0000 0.9683 0.9839
Large Turtle 1.0000 0.9194 0.9580
AVERAGE 0.9546 0.9491 0.9505
(MACRO)

From the data shown in Table 4, quantifies the reliability of
the anomaly detection system, the decision boundary
(Anomaly Threshold) was calculated at a distance of
22.4776, safely beyond the Normal Sample Mean Distance
0f 9.9489, in order to keep known objects close and avoid
false positives. Upon exposure of an acoustic signature not
trained on the system, the object was mapped to the feature
space at a very distant location of 70.0901. As the distance is
very far beyond the defined threshold (70.0901 >
22.4776), the system accurately recognized the object as
Unknown Anomaly. Surprisingly, the system classified the
unknown anomaly as being the nearest to the 'Human Diver’,
indicating that the neural network has rationally tried to find
the most acoustically similar object among the known classes
before identifying the anomaly.

Table 4: Distance Metrics for Unknown Target (Anomaly)
Detection in the Reduced Feature Space

Metric Distance Value Notes
Anomaly 22.4776 Decision boundary
Threshold

Normal Sample 9.9489 Average distance for
Mean Distance known targets
Anomaly Obiject 70.0901 Exceeds threshold
Distance (Distance to nearest

class: Human Diver)

Following on from the above two-dimensional approach,
Figure 8 shows a more holistic view of the 128-dimensional
deep feature space obtained from the 1D-CNN through a
three-dimensional projection. The use of the first three
Principal Components (PC1, PC2 and PC3) ensures that more
of the underlying variance in the dataset is captured.

The distinct clustering of the data further reinforces the
capacity of the neural network for spatial isolation of the six
known acoustic marine classes.

As shown in the three-dimensional depiction, the anomaly
decision boundary is now presented through a Threshold
Sphere wireframe. This surrounds the global centroid point of
operation (black 'X"), while the unknown target is depicted
using the red star along with its respective distance vector
(red line). It is clearly evident from the figure that the
anomaly exists well outside the threshold sphere in
multidimensional space. This makes for a very convincing
illustration of the effectiveness of the framework in isolating
new acoustic objects from trained ones.
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3D Feature Space Visualization for Sonar Target Recognition

n Threshold Sphere
2 % Unknown Target (Anomaly)
Anomaly Dist (4.6)

Principal Component 3 (PC3)
©

Principal Component 1 (PC1)

Principal Component 2 (PC2)

Figure 8: 3D Visualization of the PCA-reduced deep feature space
and spherical anomaly decision boundary

Figure 9 illustrates ROC curves of the six classes of acoustic
targets in assessing the capability of the 1D-CNN classifier
through various discrimination thresholds. In most cases, the
curves of nearly all mechanical and biological targets tend to
approach very close to the top left corner, suggesting that the
True Positive Rate (Sensitivity) is very high while at the
same time the False Positive Rate is approaching zero. The
area under the curve (AUC) metric supports this strong
performance, where classes like ‘Fast Boat’ and ‘Dolphin’
achieve almost perfect AUC values of 0.9991 and 0.9960,
respectively. Although there is slightly lower ROC curve in
the case of ‘Human Diver’ class, the AUC value of 0.9760 is
still excellent. This small difference indeed captures the
physical difficulty in extracting the acoustic signature of the
diver from the background noise of the ocean.

Receiver Operating Characteristic (ROC) Curve
——

True Positive Rate (Sensitivity)
o o
IS o
\
N

°
w

Fast Boat (AUC = 0.9991)
Rubber Zodiac (AUC = 0.9967)
- Human Diver (AUC = 0.9760)
Mini Submarine (AUC = 0.9941)
Dolphin (AUC = 0.9960)

- Large Turtle (AUC = 0.9913)
. — — —Random Guess

o 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
False Positive Rate (1 - Specificity)

Figure 9: Receiver operating characteristic curves and AUC scores
for the 1D-CNN multi-class classifier

The details relating to the important aspects of the modern research
on underwater sound-based target identification are given in Table
5. The information includes target types, environmental settings,
sampling frequency, classification efficacy, and multi-path
dynamics. The research presented in this paper shows high-
performance level by identifying 6 types of targets with efficiency
of 94.93% accuracy using the methods of multi-path modelling for
shallow water.

As shown in table 6; baseline classifier performance
benchmarking, to evaluate the classification performance of
the proposed deep 1D-CNN architecture, its performance was
benchmarked against standard machine learning classifiers,

Table 5: Comparison with State-of-the-Art

Study Target Envi. Sampling  Accuracy

Classes Freg. (fs)
Jianget  General Shallow N/A N/A
al. 2022 UATSs water
Jamal et  Ships + Noisy marine  >40kHz  93.75%
al. 2024 Submarines (0-1 kHz

used)

Xieetal. Multiple Complex N/A (N/A)
2024 ships marine,

(DeepShip, unpredictable

DTIL, channels

ShipsEar)
Proposed 6 Classes Shallow 10 kHz 94.93%
Work (Fast Boat,  water

Zodiac,

Submarine,

Diver,

Dolphin,

Turtle)

specifically k-Nearest Neighbors (k = 5) and a Multiclass
Support Vector Machine (SVM). All models were trained and
evaluated using the identical 4-level db4 Discrete Wavelet
Transform (DWT) and DEMON feature representation
dataset ( N = 1,200 acoustic signatures across 6 target
classes).

Table 6: Benchmark Comparison of Classifiers on the DWT-
DEMON Feature Matrix

Classifier  Preprocessing & Classificati  Average
Model Feature Input on Inference

Accuracy Latency
(%) (ms)

k-Nearest DWT (db4, Level 4) 87.47% 10.05 ms

Neighbors + DEMON (128

(k =5) bins)

Support DWT (db4, Level 4) 91.20% 10.91 ms

Vector + DEMON (128

Machine bins)

(SVM)

Proposed DWT (db4, Level 4) 94.93% 11.40 ms

Custom + DEMON (128

1D-CNN bins)

The Capability of Feature Discrimination: Although
traditional classifiers like SVM can create effective decision
boundaries for classes that are clearly separated, they find it
hard to differentiate between the acoustic objects that have
overlapping spectra and similar shaft modulation frequency
(the Fast Boat and the Rubber Zodiac, for instance). The
innovative 1D-CNN addresses that disadvantage thanks to the
hierarchical structure of convolution layers (with the
receptive fields of 1x7 and 1x5) combined with Batch
Normalization; thus this neural network can examine the
nonlinear spatial relations between different frequency bins.
Trade-offs in Computational Latency: In terms of efficiency,
while simple techniques like k-NN (10.05 ms) and SVM
(10.91 ms) are more time-efficient considering their
straightforward mathematical approaches, the deep 1D-CNN
requires 11.40 ms for its forward pass.

Conclusion

The present study has shown that shallow water passive sonar
target recognition can be done successfully by using the
DWT method along with the DEMON algorithm and 1D-
CNN to tackle the major issues related to high ambient noise
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and multipath problems. The findings of the experiment have
suggested that the usage of the db4 wavelet for denoising has
resulted in the effective enhancement of the signal by
achieving very low RMSE value of 4.0195 while retaining
the required transient acoustic modulations for the
classification process, the custom 1D-CNN classifier model
has achieved 94.93% accuracy and a macro-average F1-
Score of 0.9505 which is better than conventional
classification techniques, and the deep feature-based anomaly
detection technique has been quite effective in identifying
untrained acoustic signals, and their anomaly distances have
exceeded the defined decision threshold.

Future work will focus on validating the proposed work using
real-world empirical oceanic datasets and optimizing the
neural network architecture for real-time, low-latency
deployment on edge devices and Autonomous Underwater
Vehicles (AUVs).
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