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Abstract – This paper introduce a new data SONAR 

classification method based on Short-Time Fractional 

Fourier Transform (STFrFT) analysis. The passive SONAR 

system receives the acoustic signals radiated by vessels and 

attempts to categorize them as a function of the similarities 

between vessels of the same class.Here, a time-frequency 

processing and feature extraction method is developed in 

order to improve the performance of a feedforwardneural 

network, which is used to classify five classes of 

vessels.Processing of time-varying signals in fractional 

fourier domain allows us to estimate the signal with higher 

concentration than conventional fourier domain, making the 

technique robust against additive noise, maintaining same 

computational complexity. With the purpose of dimension 

reduction and classification improvement, we use Linear 

Discriminant Analysis (LDA) technique. The feasibility of the 

proposed technique (STFrFTLDA) has been tested 

experimentally using a real database. The experimental 

results show the superiority of the proposed method. 

 

Keywords – Sonar, Short-Time Fractional Fourier 
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I. INTRODUCTION 
 

Sonar systems use acoustic emission for detection, 

Communication and Navigation in underwater 

environments. The main purpose of these systems are 

analyzing of sound waves (acoustic) received by the 

hydrophones to detect and classify sound waves emitters 

[1]. In passive sonar systems, the classification mainly is 

done by sonar operators which are trained for performing 

this task. Acoustic signals radiated from a target are 

received by the sensors and processed to provide the 

auditory and visual information for sonar operators (SO) 

[2]. Sonar operators investigate the compiled information 

to make the decision. The form of radiated noise in 

underwater environment depends on the source of sound 

radiator. Submarines, Ships, torpedoes, and marine 

mammals are some examples of noise sources. The 

propulsion components (turbines, engines, gear trains, 

propellers, and pumps) are the principal sources of noise 

emitted by marine vessels. The purpose of passive sonars 

is to implyment an automatic system to exploit radiated 

noises and distinguishing them from similar interfering 

noises, e.g., ambient noise, array self-noise, and noises 

from platforms not of interest. An automatic system for 

detecting emitted signals from targets will reduce operator 

workload and improve their decision accuracy. 

Feature extraction from received sonar signals and 

classification of underwater targets are the main tasks of a 

sonar automatic recognition system. Extraction of the 

discriminant features and the selection of a proper 

classifier are considered as two important issues related to 

the recognition and classification of sonar signals. In a 

wide range of previous researches, the automatic 

classification of noise radiated by ships and submarines is 

including features extracted from the frequency domain 

using the fast Fourier transform of power spectrum[1], 

[3]–[9].The algorithm presented in[4]applies 6 parameters 

extracted from the power spectrum. In this method, a 

standard feature vector is extracted for each class of ships 

and then weighted distance between the standard vector 

and the feature vector extracted from the test data is 

calculated and according to that, the classification is done. 

Discriminant features presented in[10] uses the features of 

power spectrum radiated from four different ships for data 

classification. In this paper, the background noise was 

estimated by applying Two-Pass Split Window (TPSW) 

and then by subtracting it from the total power spectral 

density, the signal to noise ratio (SNR) was improved. 

Therefore, it causes more accurate extraction of tonal 

components. On the other hand, in the last 15 years, using 

time-frequency signal analysis and processing has been 

considered as an effective way to remove the noises and 

extract the discriminant features [11]. 

In this paper, Short Time Fractional Fourier Transform 

(STFrFT) method is used as a time-frequency signal 

processing analysis so that in addition to take the benefit 

of the STFT analysis, use the Non-Stationary signal 

components in classification procedure. With the purpose 

of dimension reduction and classification improvement, 

we use Linear Discriminant Analysis (LDA) technique. 

The combination of STFrFT analysis and LDA feature 

extraction technique is named as STFrFTLDA technique 

and extract robust discriminant features to feed the RBF 

neural classifiers. In section 0a new method is presented 

for classification of passive sonar signals by using the real 

dataset of underwater-recorded sounds. In section 0, we 

evaluate the proposed method and compare it with 

conventional Short Time Fourier Transform. 

 

II. DATA 
 

It is a time consuming and expensive job to compile real 

underwater sounds of either various targets or ambient 
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noises. Therefore, it is common to use simulated data to 

evaluate different algorithms. In this work, we use real 

recorded sounds include five different class of surface 

vessels. Vessels are classified based on their dimension 

and classes of engine. Data is recorded by omnidirectional 

hydrophone and 8bit ADC with sample rate of 22050 𝐻𝑧 

in shallow water. Table I exposure data details about 

number of records and time duration per classes. 

Table I: Data details 

% Total 
Duration of 

Each Record 

# of 

records 
Class 

22.6 780 s 130 s 6 V1 

22.5 774 s 129 s 6 V2 

22.1 762 s 127 s 6 V3 

21.7 750 s 125 s 6 V4 

11.1 384 s 129 s 3 V5 

100 3450 s - 27 Total 

 

III. PROPOSED METHOD: STFRFTLDA 
  

Signal analyzing in time-frequency domain provides the 

ability of processing some discriminating characteristics of 

signal such as frequency variation, time variation, 

recognizing the number of components and filtering in 

time-frequency domain. Several techniques are available 

to compute the time-frequency distributions. The simplest 

way to present a time-dependency in Fourier transform is 

Short Time Fourier Transform (STFT). STFT consists of 

windowing the signal with short time duration windws and 

calculating its Fourier Transform separately and continue 

this for the rest length of the original signal. STFT is a 

simple and powerful time-frequency analysis to describe 

the instant spectrum of the signal at a time which uses the 

spectrum of a signal segment centered at that time. But  

STFT introduces poor resolution of the signal so that it can 

only describe the stationary content of the short time-

segments. Recently other powerful time-frequency 

representations such as Wigner-Vile distribution (WVD) 

[12] and Discreet Wavelet Transform (DWT) [13] has 

been offered. WVD has good resolution as compared to 

STFT but has disadvantage of producing cross-terms[14] . 

The fatal problem of the DWT is that because “the signal 

is down sampled at each successive DWT scale, the 

transform is sparse at lower frequency scales”[15]. 

Therefore, we need a new processing technique to 

generate developed spectrograms and analyze non-

stationary components in signals. 

In our vision, we intend to integrate the pre-processing 

module, the denoising module, the STFT and Fractional 

Fourier Transform (FrFT) modulesinto an automatic signal 

analyzer for structural health monitoring. Recently, new 

spectrograms has been proposed based on Fractional 

Fourier Transform to represent higher resolution of signals 

include non-stationary components[16].Using Fractional 

Fourier Transform to calculate the power spectrum of the 

signal in Fractional Fourier Domain (FRFD) and analysis 

the proper order of FrFT, can present higher concentration 

of signal in time-frequency domain.In this work, we use 

practical experiments to obtain the proper order of FrFT. 

As order of fractional changes for  𝛼 ∈ (0: 0.01: 1) , the 

proper order is determined by comparing corresponding 

classification efficiencies using the proposed method. 

Where for every value of 𝑎 , other parameters such as 

feature extraction technique and type of classifier are 

fixed.  

The method proposed in this article to implement the 

system for classification of passive sonar targets, is shown 

in Fig.1. The system consists of 4 blocks: 

1. Preprocessing of raw accoustic signals 

2.  Calculating the FrFT power spectrum of processed 

signal 

3.  Feature extraction 

4.  Neural network classifier. 

 
Fig.1. Classification of passive sonar signals using STFrFT-FE method 

 

A. Pre-Processing 
Since the Significant passive sonar signal information 

are at frequencies below 3 KHz[34], the acoustic signal 

obtained from a band pass filter is passed according to 

Fig.2. Here, the eight-order type-I low pass Chebyshev 

filter with a cut-off frequency 2.87 KHz is used, which 

provides an attenuation of 72dB in the transition region[1], 

[18]. Since the primary signal sampling frequency is 

22050Hz, the filtered signal is decimated with no aliasing 

and the sampling frequency is reduced to 7350Hz.  

In signal processing, most often, Hanning and Hamming 

windows are used for window processing[19]. So that, the 

window with a smaller duration than the whole duration of 

the acoustic signal is used and then start to move from the 

beginning of the signal and shift to the right to reach the 

end of signal. Here, two quantities must be determined: the 

window width and the shift between consecutive windows. 

Window width of about 278ms (2048 samples) has been 

selected that corresponds to average duration which is 

essential for the stationary assumption to hold[1]. Due to 

no significant changes in surface vessels spectrum during 

the test, no overlap between successive windows are 

used[1]. 

 
Fig.2. Input signal preprocessing 
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B. FrFT Power Spectrum: 
Fourier analysis is used in signal processing and other 

various branches of science and engineering[20]. The 

Fractional Fourier Transform is including Fourier 

transform as well in a certain condition. The first-order of 

Fractional Fourier transform of a signal, represents the 

signal infrequency domain and zero-order Fractional 

Fourier Transform describes the signal in the time 

domain[21].In some applications, optimal value will be 

𝑎 =  1  exactly, but in some others by using Fractional 

Fourier Transform with FrFT order𝑎, other than 𝑎 =  1 

can enhance the signal to noise ratio resulting in raising 

performance of system. This transformation has become 

widely used since 1990s in various applications In this 

field, many applications are obtained based on Fractional 

Fourier Transform alternative to the conventional Fourier 

and analyzing of the optimal value of α and evaluation of 

its performance. 

𝑎-th order FrFT transform(𝑓𝛼(𝑢)) of a function (𝑓 𝑢 ) is 

described for  0 <  𝛼 < 2[22], so that: 

(1)  

fα u ≜  Kα u, u′ f u′ du′

+∞

−∞

 

Kα u, u′ ≜ Aϕ × exp jπ u2cotϕ − 2uu′cscϕ +  u′2cotϕ   

(2) 

So that, 

(2)  
𝐴𝜙 =

exp  −𝑗 
𝜋𝑠𝑔𝑛  𝜙 

4
−

𝜙

2
  

|𝑠𝑖𝑛𝜙 |
1
2

 And   𝜙 = 𝛼𝜋/2 

By approching 𝑎  to 0 and ±2 , , the kernel Kα u, u′  

approaches 𝛿 𝑢 −  𝑢′  and  𝛿 𝑢 + 𝑢′ , respectively. This 

transformation is linear and its index is cumulative. It 

means that the α1 –th order FrFT of 𝑎2-th fractional fourier 

transform of a function, is equal to the (𝑎1  +  𝑎2)-th order 

of the Fractional Fourier Transform. One of the important 

properties of FrFT is a close relationship with the Wigner 

distribution [23]which link it to time-frequency signal 

processing domain. 𝑎 -th order FrFT transform of a 

function corresponds to a rotation of απ / 2 of Wigner 

distribution function in the time-frequency plane. On the 

other hand, the digital implementation of the FrFT as a 

conventional Fourier transform can be computed in the 

order of 𝑁 𝑙𝑜𝑔 𝑁 time with a fast algorithm, where 𝑁  is 

the number of sampled points or the signal duration [24]. 

Therefore, the proposed technique does not cause 

computational time load. 

FrFT is a member of a general class of transformations 

which are sometimes calledlinear canonical 

transformations or quadratic-phase transforms[25]. 

Members of this class of transformations can be broken 

down into a succession of simpler operations, such as 

chirp multiplication, chirp convolution, scaling, and 

ordinary Fourier transformation [21], [26]. To calculate 

the Fast Fractional Fourier transform of the signal we used 

methodI presented in [23]which uses the chirp 

multiplication.  

C. Feature Extraction 
Feature extraction (FE) is usually associated with two 

main purposes. It can be used in classification procedure 

in order to produce new features, which would preserve 

classes separability as much as possible [27]. It also can be 

utilized to operate on massive data to form a new lower-

dimensional representation space of problem.Feature 

extraction techniques, applied either on datasets with high 

dimensionality or on datasets including indirectly relevant 

features, can improve the performance of a classifier. 

In STFrFTLDA, output of FrFT Power Spectrum is a 

massive matrix with 2048 attributes for each windowed 

signals. Using a proper feature extraction technique to 

reduce data dimension and produce features with high 

capability of class separability, can positively affect the 

classifier performance.  

Here we use Linear Discriminant Analysis (LDA) [28]as 

feature extraction technique. LDA-based feature extraction 

technique use class information but has a serious 

deficiencybecause of its parametric nature. In this 

technique the number of extracted components cannot be 

more that the number of classes minus one. Since in this 

paper we use 5 classes of surface vessels, we have 4 

extracted features in STFrFTLDA analysis.  

D. Neural Network Classifier 
In 1991, the “IEEE Conference on Neural Networks for 

Ocean Engineering” was held in Washington DC. There 

was one session dedicated only to “Classification of 

Acoustic Signals” where several relevant papers were 

presented, exploring most of the them popular neural 

network paradigms, such as Hopfield Networks and BAM 

[29], Backpropagation [30], Linear Vector Quantization 

and Radial Basis Functions [31]. 

In this paper, we use RBF Neural network [32]as the 

classifier and the Backpropagation algorithm as the 

network-training algorithm. Kernel function that has been 

used in the RBF network is Gaussian function and the 

error criterion is Mean Square Error (MSE). 10-fold cross-

validation is used to validate the classifier. 

 

IV. EVALUATION 
 

STFT is a the most common time-frequency signal 

analysis in the passive sonar detection and classification 

zone [1][33][34]. However the STFT has also its 

disadvantages, such as the limit in its time-frequency 

resolution capability, which is due to the uncertainty 

principle. Low frequencies can be hardly depicted with 

short windows, whereas short pulses can only poorly be 

localized in time with long windows. These limitations in 

the resolution were one of the reasons for this invention. 

In section0, we proposed STFrFTLDA method (Fig.3) 

to overcome the shortages of STFT signal processing 

method. The motivation behind the developed method is 

the ability of FrFT to process passive sonar signals better 

than the conventional Fourier Transform. Therefore, 

Fractional Fourier Transform is the principle part of 

STFRFT block (Fig.3) which has variable parameters to be 

stimated. Different orders of Fractionals Fourier 

Transform will yield different forms of FrFT spectrum. 

Therefore, finding proper order of FrFT will affect final 

classification accuracy. Here, to find optimum order of 

Fractional Fourier Transform using the method proposed 

in section0, we change  α for the interval (0,1) with the 
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resolution of 0.01 and compute the corresponding 

classifier efficiencies. The 𝛼  that yields the maximum 

peak value is selected as the optimum value. As mentioned 

in section C, number of meaningful features in LDA 

technique is m = M − 1  where 𝑚  defines as number of 

extracted features and 𝑀  as the number of incoming 

classes. Therefore, here the number of incoming features 

to the LDA technique is 𝑛 = 2048  and the extracted 

features are 𝑚 = 4. 

In proposed method, the best classification performance 

is obtained for FrFT orders nearby 𝑎 = 1 (frequencey 

domain) and 𝑎 = 0(Time domain)(Fig.4) The maximum 

classification efficiency is achieved for 𝑎 = 0.96which is 

the optimum value ofFractional Fourier Domain (FrFD) in 

this method (Table II). 

In comparison to STFT, STFrFTLDA significantly gives 

better classification efficiencies for some FrFT orders. The 

best classification efficiencies obtained for each methode 

is compared in Table III. For STFT method, different 

configuration have been run and the maximum efficiencies 

for 400 bin spectrum is achieved. In STFrFTLDA 

methode, as mentioned, the maximum efficiency obtained 

for optimum order of FrFT, 𝑎 = 0.96 . This 

acclaimedresult arise from higher concentration of signal 

and the existence of comprehensive tonals for optimum 

orders of fractional domain. InTable IV, the confusion 

matrix correspond to results presented in Table IIIhas been 

brought. 

Table II: Classification accuracy of STFrFTLDA analysis 

vs. STFrFTLDA process for 𝛼 ∈ [0.9 , 0.99] 
Classification Efficiency (%) Fractional Order (α) 

92.05 .9 

92.31 .91 

91.38 .92 

94.07 .93 

95.49 .94 

95.19 .95 

96.24 .96 

95.11 .97 

95.29 .98 

95.2 .99 

 

Table III. Comparison of Classification efficiencies 

between STFT and STFrFTLDA 

Classification Efficiency (%) # of Features Method 

90.38 400 STFT 

96.24 4 STFrFT 

 

Table IV: Confusion matrix 

STFT 

V5 V4 V3 V2 V1  

6 319 210 50 2205 V1 

8 28 5 2671 69 V2 

57 99 2497 7 70 V3 

24 2594 58 12 0 V4 

1215 36 9 0 123 V5 

STFrFTLDA 

V5 V4 V3 V2 V1  

0 100 0 8 2682 V1 

2 41 12 2719 7 V2 

0 21 2695 14 0 V3 

5 2513 11 37 122 V4 

1383 0 0 0 0 V5 

 

 
Fig.3. Proposed method: STFrFTLDAprocessfor classifyingpassive sonar signals using RBF NN 

 

 
Fig.4. Classification Efficiency STFrFTLDA for (0,1)

 
 

V. CONCLUSION 
 

Classification of sonar signals is an important and 

complex task because there are many different noises 

under water environment. In this paper, we have presented 

a method for the classification of passive sonar data called 

STFrFTLDA. In this way, we took using the properties of 

the fractional Fourier transform, so that we could make a 

significant improvement in the efficiency of classification 

and raised the classification accuracy up to 96.26%. 
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