
Article Not peer-reviewed version

Design and Research of High-Energy-

Efficiency Underwater Acoustic Target

Recognition System

Ao Ma , Wenhao Yang , Pei Tan , Yinghao Lei , Liqin Zhu , Bingyao Peng , Ding Ding *

Posted Date: 2 September 2025

doi: 10.20944/preprints202509.0172.v1

Keywords: Convolutional neural network (CNN); DenseNet; Underwater target recognition; FPGA

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/4711447
https://sciprofiles.com/profile/4714209
https://sciprofiles.com/profile/4713343


 

 

Article 

Design and Research of High-Energy-Efficiency 
Underwater Acoustic Target Recognition System 
Ao Ma 1, Wenhao Yang 2, Pei Tan 3, Yinhao Lei 4, Liqin Zhu 1, Bingyao Peng 1and Ding Ding 1,* 

1 School of Intelligent Engineering and Intelligent Manufacturing, Hunan University of Technology and 
Business, Changsha 410205, China 

2 School of Physics and Electronics, Hunan University, Changsha 410082, China 
3 School of Microelectronics and Physics, Hunan University of Technology and Business, Changsha 410205, 

China 
4 School of Digital Media Engineering and Humanities, Hunan University of Technology and Business, 

Changsha 410205, China 
* Correspondence: dingding@hutb.edu.cn 

Abstract 

Recently, with the rapid development of underwater resource exploration and underwater activities, 
Underwater Acoustic (UA) target recognition has become crucial in marine resource exploration. 
However, traditional underwater acoustic recognition systems face challenges such as low energy 
efficiency, poor accuracy, and slow response times. Systems for UA target recognition using deep 
learning networks have garnered widespread attention. Convolutional neural network (CNN) 
consumes significant computational resources and energy during convolution operations, which 
exacerbates the issues of energy consumption and complicates edge deployment. This paper explores 
a high-energy-efficiency UA target recognition system. Based on the DenseNet CNN, the system uses 
fine-grained pruning for sparsification and sparse convolution computations. The UA target 
recognition CNN was deployed on FPGAs and chips to achieve low-power recognition. Using the 
Noise-disturbed ShipsEar dataset, the system reaches a recognition accuracy of 98.73% at 0dB signal-
to-noise ratio (SNR). After 50% fine-grained pruning, the accuracy is 96.11%. The circuit prototype 
on FPGA shows that the circuit achieves an accuracy of 95% at 0dB SNR. This work implements the 
circuit design and layout of the UA target recognition chip based on a 65nm CMOS process. DC 
synthesis results show the power consumption is 90.82mW, and the single-target recognition time is 
7.81ns. 

Keywords: Convolutional neural network (CNN); DenseNet; Underwater target recognition; FPGA 
 

1. Introduction 

In the civilian sector, the traditional method involves using active sonar to locate aquatic targets. 
Due to the limited scanning range and lower power of the active sonar on ships, it is difficult to 
continuously track targets and conduct extensive monitoring[1]. However, a high-efficiency 
underwater acoustic (UA) target recognition system, combined with passive distributed sonar, can 
provide continuous and effective support for marine ecological monitoring, vessel traffic 
management, and seabed geological exploration. This not only promotes the rational use of marine 
resources but also reduces the impact of human interventions on the marine environment, advancing 
the sustainable development of the marine economy. For example, the UA target recognition system 
can continuously track the migration routes of large marine organisms like whales, monitor changes 
in water quality, assisting marine conservation organizations and researchers to take timely 
protective measures[2,20,21,26–31]. 

Currently, there remain significant challenges in developing UA signal classification devices. 
With the advancement of Artificial Intelligence (AI) technologies, the application of AI in the field of 
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UA target classification is increasingly gaining attention[12–15]. Recent literature has showcased 
several innovative approaches based on deep learning and machine learning. Meanwhile, Wang et 
al. [3] proposed a weighted-MUSIC direct localization method for Underwater Acoustic Sensor 
Networks (UASN) based on a multi-cluster data model. Yu et al. [4] employed Long Short-Term 
Memory (LSTM) networks for modulation pattern recognition, utilizing the instantaneous features 
of UA signals for effective classification of modulation modes. This technique leverages the temporal 
dynamics and memory capabilities of LSTM to manage the complex variability in acoustic signals 
over time[16,17]. Wang et al. [5] proposed a hybrid time series network structure that extracts hidden 
modulation classification features and accommodates variable-length signals to meet the fixed-length 
input requirements of conventional neural networks (CNN), enhancing the model’s flexibility and 
adaptability to diverse underwater signal datasets[18–21]. Wang et al. [6] utilized Deep Neural 
Networks (DNN) to learn fused features of GFCC and Modified Empirical Mode Decomposition 
(MEMD), incorporating a Gaussian Mixture Model (GMM) layer to enhance the efficiency of the 
analysis[22–31]. Over the past decade, various machine learning (ML) classification algorithms have 
been extensively applied to enhance the accuracy of classification tasks. 

Zhang et al. [7] examined 19 traditional classifiers, including Decision Trees (DT), Support 
Vector Machines (SVM), and k-nearest neighbors (KNN). They used Gammatone Frequency Cepstral 
Coefficients (GFCC) to model up to 16 UA targets and provided a comparative analysis of accuracy 
with other feature descriptors such as Mel-Frequency Cepstrum Coefficients, Autoregression, and 
Zero-Crossing While GFCC outperformed other features, its application was time-consuming. These 
studies highlight a trend towards integrating sophisticated computational models with traditional 
signal processing to improve the classification and analysis of UA signals, marking a pivotal shift 
towards more adaptive, accurate, and robust systems for UA target classification [8]. 

This paper proposed a high-energy-efficiency underwater acoustic target recognition system 
based on sparse convolutional neural network circuits. The main contributions of this paper are as 
follows: 

(1) A DenseNet convolutional neural network model was employed as the framework for an 
underwater acoustic target recognition system. To address issues related to the complexity of the 
network, fine-grained pruning was implemented to achieve sparsity. 

(2) Based on the sparse convolutional neural network structure, an underwater acoustic target 
recognition accelerator was designed. The accelerator's performance was experimentally validated 
on FPGA. 

(3) The performance and power consumption of the underwater acoustic target recognition 
system were enhanced by optimizing the physical implementation of the circuit. The chip's power 
consumption and area were evaluated using Design Compiler synthesis, and comparisons were 
made with the performance of software simulations and FPGA deployments. 

The remainder of this paper is organized as follows: Section II details the proposed method for 
UA target recognition. Section III discusses the design of the accelerator circuit. Section IV describes 
the simulation experiments of the underwater acoustic target recognition system and its verification 
on FPGA. Finally, conclusion is achieved in Section V. 

2. Proposed Method 

The underwater acoustic target recognition system proposed in this paper is shown in Figure 1. 
This system captures the underwater acoustic target signals using passive sonar and processes these 
signals through a convolutional neural network chip, achieving high energy efficiency and precision 
in target recognition[12–15]. 

Inspired by the network originally introduced for image classification [9], the UA recognition 
system is adapted with a dense architecture, as presented in Figure 2(a), to accommodate the input 
of 1-D time-series data, such as acoustic signals[16–21]. For data preprocessing, the continuous 
acoustic signal in the time domain is segmented into multiple frames, each comprising 1 × 4096 
samples. 
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Figure 1. Overall passive sonar system for UA target recognition system. 
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Figure 2. Architecture of UA target classification system. (a) full network model and (b) components in a conv-
block. 

At the beginning of the network, the input layer is immediately followed by a batch 
normalization layer. This layer facilitates the optimization process during training by normalizing 
the values of its input, 𝑥௜ , based on the mean 𝜇஻ and variance 𝜎஻ଶ computed over a minibatch for 
each input channel. The normalization adjusts the inputs to have zero mean and unit variance, which 
can help in accelerating the convergence of the training. 

 (1)

where 𝜖 = 10ିହ serves as a small constant added to the variance to ensure numerical stability and 
prevent division by zero during the normalization process. 

Regarding the network architecture, UA recognition system is composed by sequentially 
stacking several convolutional blocks, each denoted as a "conv-block." As illustrated in Figure 2(b), 
each conv-block comprises convolutional, max-pooling, and activation layers. Specifically, the 
convolutional layer employs 3 two-dimensional (2-D) kernels, each of size 5 × 5. The convolution 
operation can be mathematically represented by the equation below, where 𝐻௜ denotes the input and 𝑤௜ represents the convolution coefficients: 

 (2)

Here, ⊗  indicates the convolution operation, and 𝑏௜  de-notes the bias term added to the 
convolution result. 
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Subsequently, spatial pooling is employed to downsample the output feature map 𝑦௠௔௫௣௢௢௟ by 
eliminating weaker features. Specifically, the max-pooling layer is configured with a pool size of 2×2. 
It significantly decreasing the computational burden on subsequent layers. 

Following the max-pooling layer in the network architecture is the activation layer, which plays 
a pivotal role in CNN. Activation functions like the Rectified Linear Unit (ReLU) are commonly 
utilized in many renowned CNN architectures due to their ability to facilitate rapid convergence. 
However, ReLU presents a drawback as it leads to information loss when the input is less than zero. 
In contrast, the Exponential Linear Unit (eLU) aims to address this issue and potentially enhance 
network training effectiveness. The eLU function performs an identity operation on positive inputs, 
while applying an exponential non-linear transformation to negative inputs. Mathematically, the eLU 
function can be expressed as follows: 

 (3)

Table 1. Detailed of UA target recognition system. 

Block Layer Description 

Input input input 4096 samples 
norm-0 batch normalization 

Conv-block (1) 
convolution 3 kernels (5×5), stride (1,1) 

maxpool pool-size (2×2), stride (1,1) 
activation activation function: ReLU 

Skip-connection maxpool-1 pool-size (2×2), stride (1,1) 

Combination concat-1 depth-wise concatenation 
norm-1 batch normalization 

Conv-block (2) 
convolution 3 kernels (5×5), stride (1,1) 

maxpool pool-size (2×2), stride (1,1) 
activation activation function: ReLU 

Skip-connection 
maxpool-2 pool-size (2×2), stride (1,1) 
maxpool-3 pool-size (2×2), stride (1,1) 

Combination concat-2 depth-wise concatenation 
Output fully connected output 11 classes 

From an overall architecture perspective, UA target classification system comprises a backbone 
stream and several skip connections. This structure involves deep feature extraction through stacking 
two convolutional blocks; simultaneously, carefully engineered skip connections help to further 
enhance the gradient flow throughout the network. Compared to some traditional CNNs, skip 
connections optimize the use of feature maps extracted in previous convolutional blocks and help 
protect the network from the vanishing gradient problem. In skip connections, three widely used 
mechanisms include addition, lateral concatenation, and depth concatenation. In the addition 
mechanism, as explored in depth in ResNet [10], different feature maps of the same dimensions are 
combined through element-wise addition. In lateral concatenation, multiple feature maps are 
connected along either horizontal or vertical dimensions. Unlike lateral concatenation, which 
expands the output space dimensions, depth concatenation merges input feature maps along the 
depth dimension. In terms of computational complexity, depth concatenation is more suitable for 
deployment in this study due to its adaptability. Since skip connections are built on feature 
representations of different scales, the max pooling layer is used to resize the spatial dimensions of 
previous feature maps to correctly fit the volume size of the backbone stream. In this setup, the output 
from each convolutional block can be represented by concatenation as follows[11]: 

 (4)
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A fully connected layer is configured with 11 neurons, corresponding to the classification of 11 
target categories. Following the fully connected layer, a softmax layer and a classification layer are 
placed, where the softmax function is designed to produce decimal probabilities in alignment with 
the UA target categories. Assuming the output feature vector from the fully connected layer is 
denoted by 𝑟ሺ𝑥ሻ, the output of the softmax function can be expressed as: 

 (5)

Finally, the UA recognition system predicts the target of the incoming UA signal , identifying 
the category with the highest probability. 

 (6)

3. UA Target Recognition Accelerator 

To achieve model compression and improve energy efficiency without significantly sacrificing 
accuracy, we employed magnitude-based fine-grained pruning on the DenseNet convolutional 
neural network model. This method aims to identify and remove the connections with the smallest 
contribution to the final prediction. 

Specifically, our pruning process is an iterative loop. First, we evaluate the pre-trained, full-
connected network. We then sort all weights in the network and set a global threshold based on a 
predetermined pruning ratio. All weight connections below this threshold are permanently removed, 
with their values set to zero. 

After pruning, the network undergoes fine-tuning to retrain the remaining non-zero weights, 
thereby compensating for any performance degradation caused by the removed connections. This 
"pruning-and-fine-tuning" cycle is repeated multiple times until the preset pruning ratio is achieved. 
Through this iterative approach, we are able to progressively remove redundant connections while 
retaining the model’s core information to ensure the pruned sparse model still maintains high 
recognition accuracy. 

The overall architecture of the circuit is divided into two main parts: storage and computation. 
The storage section encompasses the caches for sparse weights, input, sparse weight indices, and 
output. In the computational module, the structure includes several components such as the feature 
extraction module, sparse feature map computation module, convolutional computing unit 
(Processing Element), accumulation module, normalization layer, pooling layer, and activation 
functions. 

The Compressed Sparse Banks (CSB) format is a data structure utilized for the efficient storage 
of sparse matrices [11]. CSB operates by dividing a sparse matrix into several blocks, referred to as 
"sparse banks," and then compressing each block, thereby facilitating effective storage of the entire 
matrix. The primary concept behind CSB is to partition the sparse matrix into blocks and compress 
each for storage. Specifically, CSB divides the matrix into several blocks of equal size and compresses 
each, including the values and the indices of the sparse blocks. This method significantly reduces 
memory usage, making it particularly well-suited for the storage and processing of large-scale sparse 
matrices. 
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Figure 3. Compressed sparse block. 

Therefore, in the hardware design of UA target recognition systems, CSB compression is 
employed to store the pruned sparse weights. The algorithm for the entire sparse matrix convolution 
computation process is as Algorithmic 1. 

 
In this study, the sparse matrix convolution module takes as input the sparse weights and the 

sparsely indexed input feature maps processed by the weight index module. The sparse weight 
matrices stored using the CSB format are represented by two independent arrays. One array stores 
the values of the non-zero elements, allowing for the direct retrieval and computation of non-zero 
weight elements during convolution without the need for separate decoding. The other array, 
containing the indices of the sparse blocks. The parallel computation structure of the sparse matrix 
convolution unit utilizes preprocessed sparse input feature maps and sparse weights. These inputs 
are fed into multiple computing units where they undergo dot product operations in conjunction 
with weight parameters. The results of these operations are subsequently directed to an accumulator 
to aggregate the dot product outcomes, yielding the convolution output for a single channel. This 
architecture effectively leverages hardware resources and increases the degree of parallel processing. 

4. Experimental Results and Discussion 

During software experimental testing, we utilized Matlab to process audio files from the 
ShipsEar dataset. We trimmed the blank portions from the original audio signals. Each signal was 
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then segmented into 1000 continuous observational frames, converted into time series format. Each 
sample was defined to have a one-dimensional frame containing 4096 sample points. Furthermore, 
to investigate the performance of the proposed underwater acoustic target recognition system under 
various noise conditions, we randomly introduced Gaussian noise to the audio files. This adjustment 
created a range of signal-to-noise ratios (SNR), defined as the ratio of the average power of the 
received signal to the noise power, from -20 dB to 10 dB with a step size of 2 dB. The dataset was 
randomly divided into 70% for training and 30% for testing. Features of the transformed signals were 
then extracted, with each frame sample being resized to 64×64, containing 4096 sample points in total. 
In this section of the experiment, the neural network model was trained over 40 epochs with a 
minibatch size of 64 and an initial learning rate of 0.001. 

Figure 4 shows the detailed demonstration of the DenseNet convolutional neural network’s 
performance in recognizing 11 types of underwater acoustic targets. Under conditions of 0 dB SNR, 
the overall accuracy reached 98.73%. The accuracies vary among different targets due to the distinct 
radiation characteristics of the sounds they emit. This variation indicates that different targets exhibit 
unique feature representations in underwater acoustic signals. Accuracy generally improves with 
increasing SNR. At low SNRs, specifically from -20 dB to -10 dB, the model’s accuracy is significantly 
reduced. As the SNR exceeds 0 dB, the model’s accuracy stabilizes and remains high, indicating 
effective signal recognition. This improvement is attributed to reduced noise interference at higher 
SNRs, enabling the network to more easily distinguish between targets and noise, thus significantly 
enhancing accuracy compared to lower SNRs. Figure 5 shows the results of the underwater acoustic 
target recognition using a DenseNet convolutional neural network, after implementing 50% fine-
grained pruning. This pruning led to a decrease in recognition accuracy, with an overall accuracy of 
96.11%. The decline in accuracy was more pronounced under conditions of low SNR. This 
phenomenon can be attributed to the fundamental trade-off between model sparsity and robustness 
in noisy environments. While pruning effectively removes redundant connections for compression, 
some of these connections, which may be deemed insignificant in high SNR conditions, play a crucial 
role in extracting subtle, complementary features from noisy signals. In low SNR environments, 
where the primary signal is heavily masked by noise, the model's ability to identify and utilize these 
weak features is critical for maintaining high performance. By removing these connections, the 
pruned model loses a degree of its built-in robustness, making it more susceptible to noise and 
leading to a more pronounced drop in accuracy. This decrease can be attributed to the reduction in 
network parameters due to pruning, which makes the network more sensitive to noise.  

 

Figure 4. Detailed accuracy for 11 types. 
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Figure 5. Detailed accuracy for 11 types after 50% pruned. 

Figure 6 shows the overall hardware testing system design for the accelerator based on the 
DenseNet CNN, for UA target recognition. Initially, the network processes a single UA target signal 
under 0 dB SNR conditions. In this test, data are input into the FPGA circuit through the UART and 
the target recognition results are output through the decision signal. The test results, at a 10MHz 
clock, indicate that recognizing a single UA target requires 13.3 ns, with a power consumption of 
189.02 mW. Subsequently, a more intensive test was performed by continuously feeding 1000 
randomly selected UA target signals under 0 dB SNR conditions into the circuit. After analyzing all 
output results, the circuit demonstrated an accuracy of 95% in the recognition task of 1000 UA target 
signals at 0 dB SNR. It shows the effectiveness and robustness of the circuit on this UA target 
recognition task and dataset. Figure 7 shows the circuit layout for the UA target recognition 
convolutional chip, based on TSMC 65nm technology. Simulation results indicate that the total area 
of the neural network chip is 0.21 mm². The total power consumption is measured at 90.82 mW, with 
the recognition time for a single target being 7.81 ns. The ASIC implementation of the UA target 
recognition system exhibits a significant reduction in power consumption and a substantial increase 
in computational speed compared to previous designs. This improvement underscores the benefits 
of using advanced ASIC technology in enhancing the efficiency and performance of specialized 
neural network applications in acoustic recognition tasks. 

PC
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RX
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Figure 6. FPGA test system. 
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Figure 7. The layout of ASIC chip. 

The overall architecture of the system, including the storage and computational modules that 
contribute to its high energy efficiency, is presented in Figure 8. This design facilitates the impressive 
performance metrics achieved on the ASIC platform. 
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Figure 8. Architecture of the UA target recognition system. 

Table 2 presents a performance comparison of the DenseNet convolutional neural network for 
underwater acoustic target recognition deployed across different platforms. The ASIC solution 
significantly reduces power consumption and greatly enhances computational speed for the same 
convolutional neural network operations. This comparison highlights the efficiency of the ASIC 
architecture in optimizing both energy usage and processing time for complex neural computations. 

Table 2. Performance comparison on different platforms. 

Platform CPU GPU FPGA ASIC 
Device 13900K RTX4090 CYCLONE  --- 
Process 10nm 5nm 60nm 65nm 
Sparsity 0% 50% 50% 50% 

Time --- --- 13.33ns 7.81ns 
Power --- --- 189.02mW 90.82mW 
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accuracy 98.73% 96.11% 95% 95% 

5. Conclusion 

This paper proposed the design of an underwater acoustic target recognition system based on a 
convolutional neural network, specifically employing a sparse DenseNet model. To address issues 
related to network complexity, fine-grained pruning was utilized to sparsify the weights. Software 
simulations show that at 0 dB SNR, the recognition accuracy was 98.73%. After applying 50% fine-
grained pruning, accuracy slightly decreased to 96.11%, still validating the effectiveness and accuracy 
of the proposed method for this task. A prototype circuit was implemented on an FPGA, showing 
that recognition of a single UA target could be achieved in 13.3 ns with a power consumption of 
189.02mW. When tested continuously on 1000 UA targets, the recognition accuracy reached 95%, 
indicating that the accelerator was capable of performing the recognition task effectively while 
maintaining high accuracy and efficiency. Furthermore, the total area of the chip for UA target 
recognition was 0.21 mm². The overall power consumption was 90.82mW, and the recognition time 
per target was only 7.81 ns when using an ASIC implementation. This highlights a substantial 
decrease in power requirements and an increase in computational speed. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

AI Artificial Intelligence 
ASIC Application-Specific Integrated Circuit 
CNN Convolutional Neural Network 
CMOS Complementary Metal-Oxide-Semiconductor 
CSB Compressed Sparse Banks 
DNN Deep Neural Networks 
DT Decision Trees 
eLU Exponential Linear Unit 
FPGA Field-Programmable Gate Arrays 
GFCC Gammatone Frequency Cepstral Coefficients 
GMM Gaussian Mixture Model 
KNN k-nearest neighbors 
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LSTM Long Short-Term Memory 
MEMD Modified Empirical Mode Decomposition 
ML Machine Learning 
ReLU Rectified Linear Unit 
SNR Signal-to-Noise Ratio 
SVM Support Vector Machines 
UA Underwater Acoustic 
UASN Underwater Acoustic Sensor Networks 
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