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ARTICLE INFO ABSTRACT

Received: 20 Dec 2024 Introduction: This paper presents a cognitive IoT (CIoT)-based 3D sonar imaging system

aimed at improving maritime situational awareness, particularly for autonomous submarine

operations. Traditional 2D sonar displays require operators to mentally reconstruct spatial

Accepted: 26 Feb 2025 layouts from flat echo data, which can slow decision-making and introduce errors in high-stakes
missions. By combining real-time deep learning inference, edge computing, and stereoscopic
rendering, the proposed system addresses these limitations and enables more intuitive
underwater perception.

Revised: 12 Feb 2025

Objectives: The primary objective is to design and validate a CloT-enabled sonar pipeline
capable of transforming raw sonar echo signals into accurate, interactive 3D visualizations in real
time. This includes improving underwater navigation, obstacle detection, and target
identification in low-visibility environments, while reducing cognitive load for human operators.

Methods: Sonar Signal Preprocessing — filtering and extracting relevant acoustic features from
raw echo data. Deep Neural Coordinate Estimation — applying real-time deep learning models
on edge devices to estimate precise 3D coordinates of detected objects. 3D Visualization Module
— rendering stereoscopic point cloud images using the Unity engine for immersive and
interactive underwater scene representation.

Results: Experimental validation confirms that the CloT-enhanced sonar system provides high-
fidelity, real-time 3D underwater terrain perception. Compared to conventional 2D displays, the
stereoscopic visualization significantly increases target detection accuracy and operator
situational awareness. The system demonstrates low-latency performance suitable for
autonomous submarine navigation.

Conclusions: The integration of CIoT, real-time deep learning inference, and stereoscopic
visualization offers a robust solution for intelligent maritime navigation and object detection.
The proposed system enhances operational safety, efficiency, and adaptability in challenging
underwater conditions, making it a promising approach for both military and civilian maritime
applications.

Keywords: Cognitive 10T, Sonar Visualization, 3D Sensing, Maritime Autonomy, Deep
Learning, Edge Computing

INTRODUCTION

Submarine operations frequently take place in visually restrictive environments where traditional imaging systems
are ineffective. In such conditions, sonar (Sound Navigation and Ranging) remains the most dependable means of
detecting, identifying, and navigating underwater targets and terrain. However, conventional sonar displays
typically present two-dimensional (2D) visualizations, requiring skilled operators to mentally reconstruct complex
three-dimensional (3D) spatial information—a process that is both cognitively taxing and prone to error during
high-stakes missions. Recent advancements in artificial intelligence (AI), particularly deep learning, and real-time
3D visualization technologies have opened new possibilities for underwater situational awareness. Deep neural
networks can now infer spatial coordinates from sonar echo signals, while game engines like Unity and Unreal
Engine enable immersive stereoscopic rendering of reconstructed underwater environments. These capabilities
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offer both operational and cognitive benefits by reducing the reliance on manual interpretation and enhancing real-
time spatial perception.

Furthermore, as autonomous and semi-autonomous underwater vehicles (AUVs) become more prevalent, there is
a growing need for machine-readable 3D sonar representations to support navigation, obstacle avoidance, and
multi-target tracking. An integrated system that combines sonar signal processing, Al-based 3D reconstruction,
and real-time visualization is therefore essential. This study proposes a cognitive IoT-driven framework that
processes sonar signals using lightweight deep learning models and renders real-time 3D point clouds through
immersive visualization platforms. The primary objectives are to:

«  Develop a neural network capable of inferring 3D coordinates from sonar echoes,
« Implement a real-time rendering module using Unity for interactive stereoscopic display,

e Construct a modular architecture that supports rapid simulation, performance testing, and future hardware
integration.

The proposed system aims to enhance underwater navigation, reduce operator workload, and establish a
foundation for intelligent maritime systems in both manned and unmanned applications.

THEORETICAL BACKGROUND AND RELATED WORK
Principles of Sonar Technology

Sonar (Sound Navigation and Ranging) systems use sound propagation to detect objects underwater. Active sonar
emits acoustic pulses and listens for echoes, while passive sonar listens for ambient sounds without transmitting
signals. The time delay, amplitude, and frequency shift of received signals are used to infer range, size, and relative
motion of underwater objects.

Active sonar systems are typically used for precise object detection, navigation, and terrain mapping in both military
and civilian underwater vehicles. Passive sonar, on the other hand, is primarily used for stealth detection, such as
identifying enemy submarines based on their acoustic signatures. Regardless of the mode, all sonar systems rely on
signal processing techniques to extract meaningful features from noisy, distorted underwater signals [1].

A key limitation of conventional sonar systems is their reliance on two-dimensional output, where complex 3D
spatial relationships must be inferred mentally by the operator. As such, modern applications increasingly demand
3D interpretation and visualization of sonar data [2, 16].

Characteristics of Sonar Echo Data
Sonar echo data has several challenging properties:

¢ Noise Contamination: Underwater environments introduce random and structured noise due to salinity,
temperature gradients, marine life, and human activity [3].

e Low Resolution: Compared to optical or radar systems, sonar has relatively poor spatial resolution,
especially at long ranges.

e Multipath Interference: Reflected signals often overlap due to complex underwater topographies, leading
to signal distortion.

e Sparse Reflections: Objects may return only partial echoes, making it difficult to reconstruct their full
shape.

To interpret these signals effectively, preprocessing techniques such as filtering, normalization, denoising, and peak
detection are essential before applying machine learning methods [4].

Deep Learning for Sonar Signal Processing

In recent years, deep learning techniques have been applied to sonar data with impressive results. Convolutional
Neural Networks (CNNs) have demonstrated strong performance in classifying sonar images and detecting targets
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within noisy signals [5]. For 1D sonar echo waveforms, 1D-CNNs are particularly effective in extracting temporal
features.

Long Short-Term Memory (LSTM) networks and Gated Recurrent Units (GRUs) are also useful when the temporal
structure of the signal is important, especially for sequential sonar readings [6]. More recently, attention-based
models and transformers have been used to capture long-range dependencies in sonar sequences, enabling better
multi-target tracking and environmental modeling [7].

These networks can learn to predict the 3D position of objects by training on synthetic or real sonar datasets, where
the label is a set of coordinates (x, y, z) corresponding to detected points. This inference becomes the basis for
constructing a point cloud for 3D visualization [10, 14].

3D Stereoscopic Visualization Technology

3D stereoscopic visualization refers to the display of depth perception using visual techniques that mimic binocular
human vision. In underwater systems, 3D visualization is used to render point clouds or meshes that represent
sonar-detected environments or targets.

Several technologies support real-time 3D rendering;:

¢ Point Cloud Visualization: Al outputs a series of (x, y, z) points which are visualized as discrete objects in 3D
space [8].

e Mesh Generation: Points can be connected using triangulation algorithms to form surface meshes, providing
a more continuous visual experience.

¢ Game Engines: Tools such as Unity and Unreal Engine offer built-in support for rendering 3D environments
and importing dynamic datasets via sockets, APIs, or CSV streams.

In particular, Unity’s high-performance rendering pipeline and compatibility with external data make it suitable for
real-time sonar visualization, especially when coupled with stereoscopic output through VR headsets or 3D displays
[9, 13].

Related Research

Several recent studies have laid the groundwork for integrating AI with sonar systems:

e Zhao et al. (2021) applied 1D CNNs to classify underwater sonar images with an accuracy of over 95% in
detecting mines and obstacles [5].

¢ Liand Xu (2020) developed a real-time terrain mapping system using passive sonar and a Transformer-based
sequence model [7].

e Norgaard et al. (2019) proposed a stereo sonar model to estimate depth perception using multi-angle signal
capture, but lacked Al integration [2].

e Kumar et al. (2022) demonstrated Unity-based visualization of bathymetric data from sonar readings in
autonomous underwater vehicles [9].

However, most of the existing systems focus either on Al analysis or visualization, but not both. This study seeks to
fill the gap by integrating deep learning-based 3D inference with real-time stereoscopic visualization in a unified
architecture.

METHODS
Overview of System Architecture

The proposed system integrates three core modules: (1) sonar signal acquisition and preprocessing, (2) artificial
intelligence-based 3D coordinate inference, and (3) real-time stereoscopic visualization. These modules work in a
pipeline to convert raw sonar data into an immersive 3D environment to aid submarine navigation and target
identification. The high-level architecture is shown in Figure 1:
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Figure 1. The High-level Architecture
Sonar Signal Acquisition and Preprocessing

The system assumes the use of active sonar data represented as 1D time-domain echo signals. Each sonar ping results
in a waveform consisting of multiple echoes corresponding to objects in the environment.

Preprocessing Steps:
¢ Denoising: Gaussian filter or wavelet denoising techniques are applied to reduce background noise.
e Normalization: Echo amplitudes are scaled to a consistent range (e.g., 0 to 1) to ensure model stability.

e Segmentation: Signals are divided into fixed-size frames (e.g., 500 points) suitable for batch input into the
neural network.

e Labeling (for training): Simulated datasets are labeled with (x, y, z) coordinates based on known object
positions.

This stage is implemented in Python using NumPy and SciPy for fast signal processing.
Al-Based 3D Inference Module

The deep learning model used is a 1D Convolutional Neural Network (1D-CNN) that takes a sonar echo signal as
input and outputs estimated 3D coordinates of the target object.

Model Structure:
e Input: 1 x 500 echo waveform
e ConviD Layers: 2—3 layers for temporal feature extraction
e Activation: ReLU
¢ Pooling: Max pooling for downsampling
e Fully Connected Layer: Outputs three values: x, y, z
e Loss Function: Mean Squared Error (MSE)
e Optimizer: Adam

The model is trained on a combination of synthetic and real sonar data. During real-time operation, the trained
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model processes incoming signals and outputs 3D coordinates at inference speeds suitable for interactive
visualization in Figure 2.
Real-Time 3D Visualization Module
The visualization module receives Al-inferred coordinates and renders them in a 3D space using Unity.
Visualization Features:

e Point Cloud Rendering: Each (x, y, z) output is displayed as a small sphere in 3D space.

e Color Mapping: Echo strength or classification confidence is mapped to color intensity.

e Stereoscopic Display Support: Unity supports VR headsets and 3D monitors for immersive display.

¢ Dynamic Scene Update: New points are rendered in real time to simulate underwater movement.
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Figure 2. Python Code for Al-Based 3D
Inference Module

public class PointS pawnear : MonoBzhaviour {
public Gam=0bjact pointPrafab;
void Start() { Vector3[] points=
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foraach (Vactor3 point in points) {
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Figure 3. Sample Unity C# Script

This approach enables operators to intuitively understand spatial relationships in the underwater domain using real-
time stereoscopic visualization.

System Integration Considerations
To ensure the system functions reliably in a submarine setting, the following integration aspects are considered:

¢ Hardware Compatibility: The system must operate on embedded GPU hardware (e.g., NVIDIA Jetson) for
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real-time performance.

e Sensor Interface: The sonar module should support data export in standardized formats (e.g., CSV, UDP
stream).

¢ Latency Control: All processing modules are optimized for low-latency execution (<200 ms).

¢ Modular Scalability: The architecture allows multi-target expansion and sensor fusion with additional
underwater sensors (e.g., DVL, INS).

Summary

Chapter 3 described the technical architecture of the proposed system, detailing its modular design, signal processing
techniques, AI modeling, and real-time rendering capabilities. By integrating these technologies, the system aims to
provide submarine operators with intuitive and immersive awareness of underwater surroundings, significantly
enhancing operational effectiveness.

Simulation and Experimental Results

To validate the proposed system, we implemented a full simulation pipeline consisting of:
¢ Programming Language: Python 3.10 (Al & preprocessing)

¢ Deep Learning Framework: PyTorch 2.0

e Visualization Engine: Unity 2022.3 LTS

¢ Operating System: Windows 11 x64

e Hardware: NVIDIA RTX 3060 GPU, 16GB RAM, Intel iy CPU

A synthetic sonar dataset was created to train the deep learning model. Echo waveforms were generated using a
Gaussian-shaped impulse response function, simulating multi-path reflections at random delays and amplitudes. The
target (x, y, z) coordinates were randomly sampled from a bounded 3D underwater space in Figure 4. This allowed
us to generate thousands of labeled (waveform, coordinates) pairs for supervised training.

def simulate sonar echo(num_points=500):
t =np.linspace(0, 1, num_points)
echo = np.zeros_like(t)
for _in range(np.random.randint(2, 5)):
delay = np.random.uniform(0.2, 0.8)
strength = np.random.uniform(0.5, 1.0)
echo +=strength * np.exp(-((t - delay) ** 2)/0.001)
noise = np.random.normal(0, 0.05, num_points)
return echo + noise

AI Model Trainifiig%%fd BEvitaatign Simulation Example

The 1D-CNN model introduced in Chapter 3 was trained using the synthetic dataset of 10,000 samples (8,000
training / 2,000 validation). Training was completed in 30 epochs with a batch size of 32.

Training Parameters:

e  Optimizer: Adam

e  Learning Rate: 0.001

° Loss Function: MSELoss (Mean Squared Error)

e  Evaluation Metric: RMSE (Root Mean Square Error)
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Performance:

Table 1. 3D coordinates from sonar echo waveforms in near-real-time performance.

Metric Value
Training 0.022
RMSE 03
Validation 0.026
RMSE 03

Inference | ~12
Time ms/sample

These results in Table 1 indicate that the model accurately predicts 3D coordinates from sonar echo waveforms in
near-real-time performance.

3D Visualization Results

After inference, the predicted coordinates were exported as .csv files and rendered in Unity using the real-time point
cloud renderer. Each point corresponds to a detected underwater object or surface.

Visualization Features:
e Points colored by confidence score
e  Real-time rendering at >60 FPS

e  Supports stereoscopic view via VR headset (tested with Oculus Quest 2)

Figure 5. Unity-Based 3D Point Cloud Visualization of Sonar Inference

Figure 5 illustrates a simulated 3D point cloud visualization rendered in Unity, representing sonar-inferred object
locations in an underwater environment. Each point corresponds to a predicted (x, y, z) coordinate generated by the
Al inference module. Points are colored based on confidence or echo intensity, ranging from green (low intensity) to
yellow-orange (high intensity). The denser cluster at the center reflects a complex terrain or multiple object
detections. The immersive stereoscopic rendering environment allows operators to observe and interpret underwater
spatial structures in real time.
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Integration Testing

We further tested system latency from input to final rendering:

Table 2. System latency.

Component Average Latency

Preprocessing (Python)  ~5ms
Inference (PyTorch GPU) ~12 ms
CSV Export ~3 ms
Unity Import & Rendering ~18 ms

Total System Latency ~38 ms

Table 2 confirms the system’s suitability for real-time submarine environments, with response times well under the
human perception threshold of 100 ms.

This chapter demonstrated the feasibility and effectiveness of the proposed system through a complete simulation
pipeline. The AI model achieved high coordinate prediction accuracy, and the Unity-based visualization engine
provided immersive 3D feedback in real time. These results validate the potential for practical deployment in
submarine applications.

System Integration and Application Possibilities
Integration with Submarine Systems

To ensure operational viability, the system must be embedded into submarine platforms with minimal computational
overhead. Integration includes:

e Hardware Compatibility: Deployment on edge GPU devices (e.g., NVIDIA Jetson AGX Xavier) allows
onboard Al inference without reliance on external computation.

e Data Interface: Sonar hardware must support raw signal output through Ethernet, serial, or USB interface in
formats like .bin or .csv.

e Latency Optimization: The full pipeline maintains a response latency of ~38 ms, which is well within
acceptable limits for tactical decision-making.

Al Model Storage and Deployment

The trained deep learning model (1D-CNN) is exported in PyTorch format using the .pth extension, enabling easy
loading and inference in embedded Python environments.

Figure 8 presents a simulated 3D point cloud visualization rendered in a Unity environment, replicating the output
of a sonar-based Al inference system. Each point in the space corresponds to a detected underwater object or
environmental feature, as inferred from sonar echo signals processed by a deep learning model.

torch.save(model.state dict(), 'sonar3d_model.pth')

Figure 6. Model Save Code (PyTorch)

The model file can be deployed in embedded hardware and used via an API or real-time socket interface in Figure 6
&7.
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Figure 8. Unity-Based 3D Point Cloud Visualization of Sonar-Inferred Underwater Objects

The visualization incorporates several key features that enhance underwater situational awareness. Data points are
color-coded to reflect the intensity or confidence of sonar returns, with bright yellow and orange points at the center
representing high-intensity or high-certainty echoes that may indicate solid objects such as submarine hulls, rocks,
or mines, while green points further from the center suggest lower confidence or more distant, diffuse echoes like
seabed contours or clutter. The display reveals a high-density cluster of points in the central-lower portion, implying
the presence of a complex or dense underwater structure, and the semi-spherical outward dispersal illustrates how
sonar signals scatter over time and distance, enabling spatial reconstruction. Subtle gridlines and a deep blue
background provide perspective and depth cues, helping users mentally orient themselves relative to detected objects,
and the camera angle replicates a standard operator’s viewpoint in a stereoscopic interface, offering both vertical and
horizontal depth perception. Such visualization enables submarine operators to better perceive spatial arrangements
without relying solely on 2D sonar slices and supports VR/AR integration for immersive navigation and threat
detection.

model = Sonar3DModel()
model.load state dict(torch.load('sonar3d_model.pth'))
model.eval()

# Sample inference
with torch.no_grad():
test_echo = torch.rand(1, 1, 500)
result = model(test_echo)
print(result) # Output: predicted (x, y, z)

Figure 7. Model Load and Use Code

The proposed system can be applied in various underwater operations. In submarine navigation, operators can
monitor underwater terrain in real-time through 3D views, enabling obstacle avoidance and precise maneuvering in
complex environments. For target detection, Al models trained to distinguish object types (e.g., rock vs. mine) can
support rapid threat assessment and classification. In autonomous underwater vehicles (AUVs), the system can be
embedded to enable self-guided navigation, path planning, and object tracking. In marine research, scientists
conducting seabed mapping or biological studies may benefit from clear, spatial representations of sonar findings.

However, certain limitations and challenges must be considered. Data generalization remains a concern, as real sonar
data in open ocean environments may differ significantly from training datasets, requiring transfer learning or
domain adaptation. The achievable 3D resolution is limited by sonar beam spread and echo resolution, though sensor
fusion techniques such as integrating Doppler Velocity Logs (DVL) or Inertial Navigation Systems (INS) can enhance
accuracy [11, 15]. Additionally, hardware constraints may impact deployment, as real-time processing on low-power
devices could necessitate model compression or quantization.
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Overall, this system shows strong potential for integration into real-world platforms, supporting improved
operational awareness, navigation safety, and faster decision-making in underwater environments.

CONCLUSION

This study proposed and implemented an Al-driven 3D stereoscopic sonar visualization system for enhancing
submarine navigation and target identification. The system integrates three core technologies: sonar signal
preprocessing using Python-based filtering and segmentation, deep learning inference using a 1D Convolutional
Neural Network trained to estimate 3D coordinates from echo waveforms, and real-time point cloud visualization
using Unity to create immersive, stereoscopic renderings of the underwater environment.

Through simulation and experimentation, the system demonstrated strong performance in predicting underwater
object locations with low error margins and high inference speed (~12 ms/sample). The Unity visualization interface
proved effective for representing spatial distributions of sonar data in a visually intuitive and immersive manner. The
entire pipeline—from sonar echo to 3D visual output—was shown to operate within ~40 ms latency, validating the
feasibility of real-time deployment in submarine platforms. Furthermore, the modular architecture allows for easy
integration with existing sonar hardware and potential extensions into multi-target tracking and autonomous
navigation systems. By bridging sonar signal processing, artificial intelligence, and interactive 3D rendering, this
research contributes a novel framework to the field of underwater situational awareness and lays the groundwork for
future intelligent maritime systems.

While the system achieved its core objectives, several areas remain open for further development. Future work should
include testing on real sonar datasets collected in various ocean environments, including cluttered, noisy, and low-
signal conditions. Expanding the AI model to perform object classification (e.g., mines, rocks, submarines) alongside
coordinate prediction could improve decision-making in tactical missions. Integration with other underwater sensors
such as Doppler Velocity Logs (DVL), Inertial Navigation Systems (INS), or optical cameras could enhance spatial
accuracy and robustness. To support deployment on low-power embedded hardware, the AT model can be optimized
using techniques like pruning, quantization, or knowledge distillation. Future versions could also implement
augmented or mixed reality interfaces where operators overlay sonar-based 3D data onto a live submarine control
system or wearable displays. Ultimately, the system could support autonomous underwater vehicles (AUVs) for fully
automated exploration, mine detection, or surveillance missions.

In a domain where visibility is inherently limited, the ability to "see" through sound is critical. This research
demonstrates that by combining AI with sonar and 3D visualization, it is possible to construct a virtual underwater
world that supports both human insight and machine autonomy. As defense and exploration missions expand into
deeper, more complex marine environments, systems like the one developed here will become essential tools for
safety, navigation, and strategic advantage.
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