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ABSTRACT
In a military context, where human capabilities are no longer sufficient to process quickly and reliably an everincreasing amount of data, the implementation of algorithms based on Artificial Intelligence (AI), through the computing
power of modern infrastructure, increases the ability to interpret and correlate massive heterogeneous data. This article
will present an original automatic underwater acoustic signature recognition technique. The experiments are carried out
from public underwater acoustic dataset. Besides, the performance of three architectures based on Mel-frequency
cepstral coefficients (MFCCs), Machine Learning techniques and neural networks are compared.
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1. INTRODUCTION
The French Navy’s surface warships and submarine vessels are designed to carry out various missions as for
instance, maritime surveillance, infrastructure protection, participation in interoperability exercises and intervention on a
theatre of operation. Thus, the conduct of a naval mission requires the simultaneous integration of a large number of
information related to the ship and to its environment, such as sea state, meteorology, AIS data [1], [2], kinematic data
and so on.
In addition, a mission in an operational context is obviously subject to the notion of risk and must therefore be
reconfigurable in order to being able of managing many contingencies [3]. It is in this context that the ship's commander,
in order to make the mission a success [4] must quickly analyze large quantities of massive and heterogeneous data in
order to take the right decision depending on the situation. Nowadays, the indicators leading to decision-making are
estimated by human beings based on their discernment and expertise. However, human capabilities are no longer
sufficient to reliably and quickly process the amount of data collected by the fleet and its respective environment’s many
sensors. In other words, data volumes are forever increasing while the operational constraint like speed or efficiency used
to achieve the mission remains.
For example, during naval missions, the capability to recognize underwater acoustic signatures is essential to be
aware in real time of the evolution of the fleet’s environment. The operator dedicated to sound analysis identifies and
lists underwater acoustics noises of interest among all the detections. Then, as soon as possible he advises the
Commander in case of classification of acoustic signature interpreted as a threat. Besides, this is an important function as
it allows distinguishing between mechanical noise from a foe’s vessel and normal biological activities issued from the
underwater landscape; in practice it is difficult to automatically separate similar sounds as well as a human ear.
This fact, associated with the need of rapid classification might drive this operator into a mental overload and a very
stressful discomfort. In order to provide him efficient assistance for identifying potential threats despite of fatigue,
mental overload and stress it is necessary to design an automatic underwater acoustic signature recognition system.
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Despite automatic sound recognition being an important aspect in emerging civilian applications, recognizing
efficiently sounds in noisy underwater conditions for military applications and classifying these sound events from a
passive device remains a serious difficulty. Actually, the recognition of some everyday real-life sounds such as ice
breaking, the barking of a dog, music, or more generally any other acoustic event swamped by noise as well as several
sound sources contained within the same recording [5] or bird species based on their song [6], are some of the emerging
civilian applications. They ensue from the sound propagation’ specificities, the diverse interesting signals’
representability like for example noises issued from a submarine. Classification methods inspired by the field of speech
recognition using audio characteristics such as MFCCs coefficients [7], [14], which effectiveness for sound classification
have been positively shown for civilian applications, should be of interest for military purposes, modulo some upgrades.
This article focuses on the creation of a database, the establishment of classes and on the selection of
architectures including machine learning (ML) and deep learning (DL) techniques. It also focuses on a performance
assessment to quantify the relevance of our suggested solutions regarding underwater sound recognition designed for
military naval applications. This paper is organized as follows: in section 2, the three architectures we will experiment to
classify underwater sound recognition are introduced. In section 3, we describe our dataset made up of public sounds, the
different configurations we have studied, and the results obtained for each case. Our conclusions and future works are
presented in section 4.

2. METHODOLOGY
Historically, acoustic event detection (AED) was processed with characteristics such as MEL Frequency
Cepstrum Coefficient (MFCC) combined with classifiers based on Gaussian Mixture Model (GMM), Hidden Markov
Model (HMM) or Support Vector Machine (SVM) techniques [8], [9], [10]. More recent approaches use deep neural
networks including convolutional networks [11] and recurrent networks [12]. In this article, we will describe the
following three architectures:
-

-

MFCCs and SVM,
VGGish [19],
An original enhanced version: VGGish and one dense layer.

In the following, after describing the three of them we will evaluate their performance.
2.1.

Architectures description

In accordance with the objectives of this study, instead of classically setting up the hyperparameters, which is
done, in practice with 5-fold cross validations to improve the reliability of the estimated hyperparameters, here we
simply want to show that at least one of the three following architectures would be suitable for military naval
applications.
2.2.1. MFCCs features and SVM method
For sound recognition, a feature extraction technique that extracts both linear and non-linear features is required.
That is why here the Mel-frequency Cepstral Coefficients (MFCC) are used [23]. The MFCC is a type of frequency
representation of the signal, in which any linear frequency is mapped to the MEL scale according to the non-linear
transformation:
= 2595 log 1 + ⁄700
(1)
Inversely, each MEL frequency is mapped to the frequency scale according to the following relation:
= 700 10

/

−1

(2)

Consequently, instead of a linear scale we have now a new MEL scale providing rescaled frequencies in
accordance with human ear behavior:
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•

An almost linear scale for frequencies less than 1 kHz, as in this case the transformation can be reduced to:

•

A log scale for frequencies above 1 kHz.

3 3.7

(3)

Figure 1: Illustration of the capability of MFCC's coefficient to identify thin details of underwater acoustic signal. X-axis
correspond to Time (horizontal) and Y-axis corresponds to Mel frequencies (vertical).

As shown by
Figure 1, the MFCC transform is capable to capturing the important characteristic of audio
signals. MFCC is widely used in speech recognition and in sound event recognition [13]. Thus, from any audio signal the
MFCC’s coefficients are computed according to the processing described by Figure 2.
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Figure 2 : MFCC block diagram [22]

In details, the audio signal is segmented into small duration blocks known as frame. Each of the above frames is
multiplied with a hamming window. Then, the Power Spectral Density (PSD) of each frame is obtained by taking the
squared modulus of its Fast Fourier Transform (FFT). Then, each PSD is multiplied elementwise by a set of triangular
band pass filter in order to get filtered magnitude spectrum. It also reduces the size of features involved as there is
generally less frequency channel considered than for classical Fourier analysis. Then, the Discrete Cosine Transform
(DCT) is applied on the log energy obtained from the triangular band pass filters to finally provide Mel-scale cepstral
coefficients. More precisely, ∀ = 0 … − 1, ! " # is the -signal containing the samples of the frame $. Its PSD is
computed for channels % = 0 … &&' /2 − 1. Besides, the MEL M-filter bank ()*+ "%, # is defined ∀ = 0 … - − 1 by
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This relation shows MEL filters are nothing else than triangular filters centered on each considered MEL
frequency . Finally, according to relation (4) and to the flow graph presented in Figure 2, ∀ = 0 … - − 1, the
-.//! " # coefficients of the $ '0 audio frame ! " # sampled at .1 Hz, windowed by 2" #, with are given analytically by
the following relation:
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Hence, let suppose we have Y lags, then ∀$ = 0 … Y − 1 if we consider each - −vector -.//! " # given by
relation (5) as a column of an -, Y −image, it allows us to build the MFCC representation of the audio signal, such as
the one illustrated by the Figure 3. MFCC’s are commonly used as feature extraction technique in speech recognition
system because it approximates the human system response more closely than any other system; nevertheless, it suffers
of a lack of robustness in case of low signal-to-noise ratio observation.

Figure 3 : Mel frequency Cepstrum of a biological signal.

In our case, our automatic underwater acoustic signature recognition must attend the operator dedicated to sound
analysis, that’s why the use of MFCCs seems to be pertinent. Following the extraction of MFCCs, we use the SVM
algorithm as a classifier [15].
2.2.2. The VGGish network
Recently, high-performance Neural Networks for image classification such as AlexNet [16], VGG [17],
Inception [18] and others are being tested for audio classification problems. These techniques seem to perform better as
the classical one with MFCCs extraction. The architecture we have selected is based on a recent publication [19] trained
on millions of YouTube videos. Hence, we take a VGG network slightly modified called VGGish to match with the
sound classification technique found in [20].
First, Mel spectrogram is used as input features, computed from the spectrogram of each audio file. Figure 4 shows an
example of the Mel spectrogram of a biological signal.

Figure 4: example of a Mel spectrogram of a biological signal

The VGGish we take is a variant of the VGG model described in [17]. In particular, its architecture is modified
so that it uses Configuration A with 11 weight layers. Furthermore, the input size was changed to 96x64 for log Mel
spectrogram audio inputs. Then, the last group of convolutional and maxpool layers is removed, so there are only four
groups of convolution-maxpool layers instead of five, and instead of a 1000-wide fully connected layer at the end, there
is a 128- wide fully connected layer. This acts as a compact embedding layer. We use the provided VGGish model that is
pre-trained on a large YouTube dataset, which is a preliminary version of what later became YouTube-8M, and then we
fine-tune the VGGish model parameters for our application we just add a classifier layer at the end, consisting of parallel
logistic for classifier, one per class, which allows multi-class task
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Our approach can be considered belonging to Transfer Learning domain [25], as the original VGGish model is
modified in order to fit with the new targets we want to recognize, where these new targets are nothing else than classes
of underwater acoustics noises.
2.2.3. The VGGish network and one dense layer
Starting from the classical approach [19], we propose an original architecture composed of VGGish followed by
one fully connected layer. Here, the VGGish network is considered as a “warm start” for the lower layers of a model that
takes audio features as input and adds more layers on top of the VGGish embedding. It is used to fine-tune VGGish
because our dataset is different from the typical made up with YouTube video clips.
2.2.4. Synthesis of the three architectures
In summary, performance will be evaluated on:
• A first architecture based on the classification using an SVM classifier of the MFCCs of each audio signal.
• A second architecture using the VGGish network pre-trained that we will re-train on our data.
• A third architecture combining VGGish pre-trained and a dense layer to match our data.

3. EXPERIMENTS AND RESULTS
In this section, the database and the performance metrics we have selected are presented. Then, the three
architectures and their performances are described and then discussed.
3.1.

Database composition

Public data were collected to train acoustic event recognition architectures. These are from the San Francisco
National Park Association [24], which works on maritime history and refers to acoustic events collected during military
naval missions of the WWII. Hence, these records constitute a great opportunity to train our models with public but
representative data. Nevertheless, despite they are realistic these records are old ones, even if biological noises remain
the same, some mechanical noises have slightly changed or are depreciated, so we have to carefully select only up to date
representative noises.
Records were divided into 5-second intervals, set up after human observation process as the typical duration of
the acoustic phenomena studied. This task is followed by labelling of each 5-second audio frame, manually annotated
and checked by professional expertise. Here, a class is dynamically constituted when we have at least 5 examples from
the same. In the context of this study, 3 classes belonging to the military field have been retained, Biological, submarine
and vessels, respectively labelled as BIO, SM, and SS. The base has initially 478 signals, 80% signals are dedicated to
the training set and 20% to the validation set, for a total duration of 39 minutes. Here, the test set is currently only
composed of 12 signals including 6 SM, 3 BIO and 3 SS. The training dataset is summarized below:
Classes
Occurrences

BIO
134

SS
158

SM
174

Table 1: Repartition of training dataset

The table 1 allows us to see how classes are balanced, which is important to obtain good performance during
learning step and fine-tuning step, avoiding overlearning.
3.2.

Performance assessments

The following metrics were selected to estimate performances of the 3 architectures: train accuracy, validation
accuracy, confusion matrix, ROC-curve and AUC [21].
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Classification accuracy is the ratio number of correct predictions with the total number of input samples. It
works well only if there is almost the same number of samples belonging to each class. A confusion matrix is a summary
of the results of predictions about a classification problem. The matrix shows for each class the number of correct
predictions on its diagonal entries and the number of incorrect predictions on its extra-diagonal entries. In practice, for
each example each row of the table corresponds to the actual class, while each column corresponds to the expected class.
Even if the confusion matrix is intuitive and so easy to interpret, to take into account the influence of misclassification
costs we introduce as an extension of the confusion matrix the Receiver operating characteristic curve. The ROC curve is
a probability curve showing the true positive rate in function of the false positive rate. Finally, in order to have a simple
scalar metric, easy to interpret, cost-insensitive, summarizing the global performance level of the network, we integrate
the ROC curve and we obtain the area under curve (AUC), which represents the measure of separability of one class
versus all others. Higher the AUC, better the model is, and conversely. Because of its global cost-insensitive behavior,
AUC allows to compare two different classifiers.
3.3.

Performances of the three architectures

The train accuracy, the validation accuracy, confusion matrix and AUC-ROC curves are computed from the test
set of the 3 architectures and illustrated in Table 2:
Architecture
MFCCs and SVM
VGGish
VGGish and one dense layer

Train_accuracy
1.0
0.9380
0.9903

Validation_accuracy
0.8696
0.9130
0.9203

Table 2: Accuracy of the train and validation dataset for the 3 architectures

These results allow first to ensure the network well learned and then it generalizes well its knowledges on the
validation set. We simply verify overfitting of the networks, this is the case with the VGGish and VGGish and one dense
layer architectures, which learned well about the training set and are able to generalize about the validation set. However,
the MFCCs and SVM architecture seems to overfit to ensure this, it would be necessary in future work to use crossvalidation and add regularization in the event of overfitting.

Figure 5: Confusion matrices of the 3 architectures: MFCCs + SVM (left), VGGish (center), VGGish + 1 Dense Layer (right)

Performances obtained on MFCCs+SVM and VGGish architecture are similar, which is quite disappointing in
regard of the AI techniques state of the art. However, the Google network pre trained on millions YouTube videos is
used; so it therefore seems regular that the network fully recognizes biological signals and has more difficulty to classify
SM and SS signals. Nevertheless, the third architecture shows better performances to classify SM and SS by adding one
dense layer and by reentering the network to fine-tune VGGish to adapt to the specificity of the input data.
The 3 architectures have more difficulty predicting the SS class which is often confused with the SM class. One
possible explanation would be that SM are old and therefore noisy, so their signatures would look like those of an SS.
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Figure 4 : AUC-ROC curves of the 3 architectures: MFCCs + SVM (left), VGGish (center), VGGish + 1 Dense Layer (right)

Classifiers that give curves closer to the top-left corner indicate a better performance. ROC-curve of class BIO
is the same for the 3 architecture, but the ROC-curve of class SM is above that of class SS for the architecture MFCCs +
SVM contrary to the 2 others. This may be explained by the fact that VGGish-based architectures use a network pretrained on YouTube videos with relatively low submarines and surface vessels. We also notice that the performance of
VGGish + one dense layer is better than VGGish alone, the fine-tuning of the network worked. The AUC values show
that the best performance is obtained on the latest architecture, which is in accordance with the literature. The 3
architectures perform well, but VGGish + one dense layer architecture remains the best taking into account the different
metrics.

4. CONCLUSION
Performances obtained via the three architectures are satisfying and it would seem that the last VGGish and one
dense layer architecture is the most efficient. Nevertheless, experiments must be carried out with more data, trying to
separate them among different classes, in order to take all the benefit deep neural networks which are not much more
efficient contrary to the conclusions drawn from the bibliography.
However, the main goal which was the creation of a first database with operational classes, the selection of
architectures and performance assessment is achieved, and we can think about future works. In order to see if better
performances are possible through deep learning, we consider first the increase and the improvement of the database.
Indeed, the current dataset is too old and is not representative anymore, especially for the SS; a new database should be
created. Moreover, the recovery of public acoustic data characteristic of naval military field is complicated, that’s why an
artificial increase in data is being considered. A first step is to create new signals by adding Wenz-type sea noise [19]
combined with other techniques from signal processing. Moreover, in order to be as representative as possible of reality,
we cannot be satisfied with only 3 classes and will increase them. The neural network architectures that have been used
are very deep, it would then be interesting to encourage shallower networks to avoid possible overfitting and observe if
performances are better.
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