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Abstract— In Underwater Acoustic Sensor Networks 

communication systems, synchronization is one of the most 

important problems. The need for synchronization is 

especially intensified when there is strong channel 

distortion. The Doppler effect can shift the carrier in the 

frequency domain and scale the signal in time domain. Like 

the multipath propagation channels poses problems to the 

conventional synchronization methods. The application is 

focused on the underwater acoustic communications, where 

the time varying multipath fading dominates the channel 
characteristics. The conventional synchronization techniques 

are generally derived based on maximum likelihood 

principle. In this project, a new entropy based 

synchronization technique is explored. Synchronization is 

achieved by minimizing the entropy estimated from the use 

of eye diagram and the constellation diagram. Key 

implementation details are addressed towards the realization 

of entropy based synchronization algorithms. In addition, 

the performance is evaluated in controlled conditions and 

that is shown that entropy minimization has great potential 

and offers certain advantages for synchronization in wireless 
communication, particularly for pulse shaping filters with 

small excess bandwidth, as well as in multipath fading 

channels. In final latest deep learning technique is applied to 

synchronize the Base band signal. A neural network based 

coherent receiver is designed and tested. Unlike the 

conventional receiver which consists of a series of function 

blocks, the neural network based (CNN) receiver does not 

explicitly implement in any function blocks. Its function is 

trained from end to end to   achieve over all optimization. 

As such the new receiver structure has the potential to 

outperform the conventional receivers in nonlinear or 
nonparametric propagation channels. 

Keywords: Neural Network, Underwater Acoustic Sensor 
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I. INTRODUCTION 

In marine surveillance water contamination detection, 

monitoring, and oceanographic data collection are 

indispensable to the exploration, protection, exploitation of 

aquatic environment [1].Because of the large amount of 
unexploited resources in the water, there is an urgent need 

for research in the field .Underwater Wireless Sensor 

Networks (UWSNs) has become a main approach to gain 

information from previously not accessible waters. In the 

wireless sensor networks (WSNs) consist of a large number 

of sensor nodes randomly distributed in a detection 

 
Fig. 1: An Underwater Wireless Sensor Network (UWSN). 

Scenarios of various communication technologies - 

stations placed in the underwater can send information with 

buoy ship or oil platform using wireless and wired system. 

These devices can transmit data to a satellite or to land. 

Meanwhile, due to dynamic topology changes and poor 

communication conditions underwater, data packets cannot 

be delivered to the sink nodes deployed on the water surface 

rapidly. 

Some of the underwater communication applications are: 

 monitoring Environment & Climate recording system 

 Pollution control system & Oceanography  

 Harbor security & Scientific data collection 

 Geo-Sciences & Marine Biology 

 Animals and Chemistry & Medical and Destructive 

 Diagnostic and NDE & Searching and Survey  

 Objects detection system & Ocean bottom imaging and 

mapping 

 Underwater Exploration & Discovery of natural 

resources 

 Marine phenomena & Deep-sea archaeology 

 Underwater Acoustic Communication 

II. DEEP LEARNING AND MACHINE LEARNING 

This motivation is trying to solve the synchronization issues 

brought by the acoustic propagation channels through two 

approaches. One is based on the information Channel 

impulse response evolving with time due to motion theory. 

The other method is to apply the latest deep learning 

techniques, which has become one of the most popular and 
fast developing technologies, and is applied in a ubiquitous 

fashion. In 2020, self-driving vehicles become available and 

our daily routines are being organized by virtual assistants. 

As such a society managed using artificial intelligence (AI) 

can envisaged for the near future. 
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A. Artificial Intelligence and Machine Learning 

Artificial Intelligence (AI) is a general field that 

encompasses machine learning and deep learning, but that 

also includes many more approaches. Machine learning 

(ML) is trying to make the computer learn on its own way to 

solve problem without specific human interference. Because 

the programmers don’t need to write data processing rules 

by hand but the computer can automatically learn the rules 

by examining the data using algorithm. This is different 
from the traditional data processing programming.  

In comparison, using machine learning, humans 

input data and the answers expected from the data, and the 

computer gives rules. Then, the rules can be applied to new 

data to predict answers. Machine learning (ML) has a short 

history to compare AI, but it has become the most popular 

and successful subset of AI, because all datasets are freely 

available. A machine learning algorithm searches for useful 

representations of some input data, within a predefined 

space of possibilities then using guidance from a feedback 

signal. 

B. Deep Learning 

 
Fig. 2: Artificial intelligence, machine learning and deep 

learning. 
Deep learning is a subset of machine learning (ML) 

and its relationships between Artificial Intelligence AI and 

machine learning (ML) are shown in below. Today, it is a 

highly preferred algorithm in the field. Deep learning 

features successive layers, and the number of layers, usually 

tens or hundreds, is called the depth of the model. In 

opposite side other machine approaches (shallow based 

learning normally have one / two layers. even all layers in 

deep learning consist of artificial neural layers  so the deep 

learning always refers to  deep neural networks. Fig. 1.4 

shows the difference between a shallow neural network and 

a deep neural network (DNN).  
As a result the deep learning method brought 

remarkable results on problems as image recognition, 

natural language processing that are natural to humans but 

tough to machines 

III. SYNCHRONIZATION BASED ON ENTROPY MINIMIZATION 

TECHNIQUE 

A uniformed synchronization relying on entropy 
minimization (EM) technique as an alternative to maximum 

likelihood criterion is studied in this situation. Specific the 

entropy of the eye diagram is evaluated for symbol timing 

recovery and the entropy of the constellation figure is 

measured for carrier frequency recovery. For both 

applications, the synchronization parameter that leads to a 

minimum entropy value is considered to be optimum. 

 
Fig. 3: A standard coherent receiver structure. 

The total performance of the proposed systems 

symbol timing and carrier frequency recovery criterion is 

evaluated in controlled conditions. In the effects of various 

channel impairments, to include the noise and multipath are 

analyzed on the system behavior. Particularly the multipath 

fading, small excess bandwidth conditions, the timing 

recovery using the entropy minimization (EM) algorithm 

can significantly improve the equalizer’s convergence, and 
its symbol error rate outperforms that of the maximum 

likelihood algorithm. 

C.   Deep learning for Wireless Receivers 

Deep learning is received significant attention. It is rarely 

applied to solve issues in wireless communications. In this 
dissertation, the deep convolutional neural network (CNN) 

is applied to resolve the symbol timing and carrier frequency 

issues. In additional a coherent receiver design is proposed 

that is entirely based on convolutional neural networks. 

Neural networks for synchronization trained using 

supervised learning. 

The training process does not presume any channel 

conditions or sampling rate but only learning from the 

training data set. This algorithm is more versatile and 

providing significant advantage compared to conventional 

synchronization algorithms. To test the feasibility of such 

neural networks the sea trial measurement data used for 
verification. The final results show the proposed 

convolutional neural networks (CNN) based synchronization 

algorithms is comparable performance to the conventional 

algorithms. 

IV. CONVENTIONAL NEURAL NETWORKS CNN BASED 

RESEARCH ARCHITECTURE 

The overall convolutional neural networks CNN based 

receiver structure is shown in Fig. 4.8. The network consists 
of two major modules: Module 1 is demodulation module 

and the second is carrier frequency recovery module. The 

output of Module 2 is added with the output of Module 1 to 

compensate carrier frequency offset. This structure is 

resembles the Deep Residual Network. 

 
Fig. 4: convolution neural networks (CNN) based receiver 

architecture 
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The structure of these convolution neural networks 

(CNN) is not very different from standard convolutional 

neural networks (CNN) models assemble with general 
purpose. In fact one specific application of the deep neural 

networks is that despite different scales and applications, 

they sharing similar components of the various problems 

that are traditionally solved by customized algorithms can 

be solved with a standardized structure. 

 
Fig. 5: Error deviation with and without CFO compensation 

It is motivates us to design a complete wireless 

receiver with a convolution neural networks CNN.  One 

important drawback of processing at passband is that sample 

rate of the signal is usually higher than the baseband signal. 

However, for research purpose and considering the low 

frequency characteristic of underwater acoustic 

communications so this drawback is acceptable. 

V. CONCLUSION AND FUTURE WORKS 

The synchronization issue is one of the most important 

issues in wireless receivers. To be specific that includes both 

symbols, carrier recovery. Especially for underwater 

acoustic communications, due to the channel characteristics, 

such as the multipath / Doppler effect, the received signal 

shows spreading in both time and frequency domain. This 

condition makes the synchronization a critical issue to 

maintain a reliable underwater acoustic communication 
connection.  

The feed forward synchronization implementation 

is proposed. It is used to compensate for the Doppler 

introduced symbol and carrier offset. The simulation results 

show that this structure can jointly synchronize symbol and 

carrier of the received baseband signal efficiently. To 

demonstrate the application in a real scenario, the 

synchronizer performance is tested at deep sea. The data’s 

are collected during sea trials in both benign and highly 

dispersive situations. To be specific the symbol timing 

signal estimation is achieved by the use of minimizing the 

eye diagram, when the carrier is recovered by minimizing 
the constellation diagram In recent years, machine learning 

techniques are improving at very fast speed. The real time 

Problems in various domains have been solved using deep 

learning technique, that’s a powerful subset of machine 

learning.  

The deep learning models are implemented as a 

synchronizer, as well as a complete modified coherent 

receiver. Unlike standard synchronizers ant receivers, the 

deep learning (DL) models are all same with respect to their 

structures and their functions are actually derived by 

training with specific data set. This properties indicates a 

potential advantage of replacing the standard receiver 

components with a deep learning model. 
  The latest deep learning techniques are 

implemented to estimate the symbol timing and carrier 

frequency offset and coherent wireless receiver which is 

entirely based on a CNN is proposed.The first section in this 

chapter is a brief introduction of deep learning techniques. 

For the estimation of STO, the proposed convolutional 

neural networks (CNN) model is insensitive to the carrier 

frequency offset, and can adapt to the sampling rate, 

modulation schemes and the roll off factors. The neural 

network proposed for CFO estimation has a similar structure 

with that used for STO estimation. It is tested with real sea 

trial data sets and good results are produced by the 
architecture. 
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