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DEEP LEARNING BASED UNDERWATER MOVING OBJECT TRACKING AND
IDENTIFICATION ON AUV-BASED EMBEDDED SYSTEM

Field of the Invention
The present invention relates to a method of tracking and identification of underwater
objects and a system performing the same to be used in marine engineering-based

applications requiring underwater robotics, machine vision and artificial intelligence.

Background of the Invention

Detection and classification of underwater objects, including the living organisms, is used
for various purposes, for example ocean exploration and marine aquaculture.
Autonomous underwater vehicles (AUVs) play a key role in monitoring the marine
environment for these purposes. AUVs are robotic vehicles preprogrammed to travel
underwater and collect data without an input from an operator. In other words, AUVs
operate independently of humans, therefore they are also called unmanned underwater
vehicles (UUVs). AUVs have no physical connection to their operator, they are untethered.
On the other hand, remotely operated underwater vehicles (ROUVs) which are also UUVs,

are tethered to a service vessel or on proximate land.

AUVs cannot transmit the images or videos instantaneously since it is not possible to
communicate underwater without a cable. Therefore, AUVs store all the data they collect
on onboard computers to be retrieved after the completion of the dive mission. AUVs have
the advantage of going into shallow areas since they are small and can move freely. As the
name suggests, they are operating independently, allowing the researchers to focus on
other aspects of their projects. That is why their popularity increases in marine research

dareas.

Although, AUVs have advanced technological capabilities, without a useful software, they
cannot perform their intended function. The computer software and the algorithm which
provides a computer implemented method have a key role in the performance of AUV-

based embedded systems.
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Accordingly, Artificial Intelligence (Al) based underwater robotics have been attracting
an enormous amount of attention during the last decade (Sarker, 2021). The
developments in these technologies are more possible than ever due to advancements in
three key technologies which are machine learning, machine vision and embedded

systems.

Al in particular machine learning, has grown rapidly in recent years in the context of data
analysis and computing that typically allows the applications to function in an intelligent
manner. Machine learning usually provides systems with the ability to learn and enhance

from experience automatically.

Machine learning algorithms are mainly divided into three categories: Supervised

learning, Unsupervised learning, and Reinforcement learning.

Supervised learning is the most common type of machine learning. The task of this
machine learning is to learn a function that maps an input to an output, based on sample
input-output pairs (Data Mining: Concepts and Techniques - 3rd Edition, n.d.). It uses
labelled training data and a collection of training examples to infer a function. Here, the
dataset provided for the training purposes is very important. The high number of labelled
input data would increase the chances of the function to be more successful. However,
collection of the data is a challenging task for humans, and it is not always possible to
obtain sufficient amount of example data. This is one of the challenges in the development

of machine learning algorithms.

Unsupervised learning analyses unlabeled datasets without the need for human
interference (Data Mining: Concepts and Techniques - 3rd Edition, n.d.). This is widely
used for clustering data. In unsupervised learning, as mentioned, the input data is not
labelled, therefore, the algorithm cannot evaluate the suitability of the function against
the output values in the dataset. Instead, the aim of the algorithm is to cluster similar

examples in groups.

Reinforcement learning is a type of machine learning algorithm that enables machines to

automatically evaluate the optimal behaviour in a particular environment to improve its
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efficiency. Reinforcement learning is most relevant in autonomous driving tasks and
robotics. The goal of the machine is to learn a mapping from its observation of the
environment and its memory to what action it should take. This type of learning is based
on reward or penalty. When the machine is released to the related environment, it
experiments various policies and updates its policy according to the rewards and
penalties it receives. If an action results in a negative reward, the mapping is weakened,

if an action results in a positive reward, the mapping is reinforced.

Deep learning is a subfield of machine learning which can be applied to all three learning
types, supervised, unsupervised and reinforcement. Deep learning is based on artificial
neural networks and has the advantage of learning useful derived features from data
automatically. It also has the ability to learn complex mappings between inputs and

outputs.

Deep learning networks are mathematical models inspired by the structure of the human
brain. It requires the use of multiple layers of simple information processing programs

(neurons) in the network, that is why they are called “deep” learning.

The human brain is composed of massive number of neurons. Neurons are basic unit of
communication having a cell body, a major branching fiber (axon) and smaller branching
fibers (dendrites). They are electrically excitable cells that communicate with other nerve

cells via specialized connections called synapses.

A synapse is a structure which permits a neuron to pass an electrical or chemical signal to
another neuron. Dendrites are input channels of the neurons and axons are output
channels. In other words, neurons receive signals via the dendrites and send out signals

down the axon. Signals cross from the axon of one neuron to a dendrite of another.

Similarly, an artificial neural network consists of a network of information units, called
neurons. Neurons in a neural network are organized into layers; one input layer, at least
two hidden layers and one output layer. Each connection in a network connects two
neurons and has a weight associated with it. Training an artificial neural network involves

searching for the best set of weights.
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Neurons perform a two-stage process. First, a weighted summation over the inputs to the
neuron is calculated, second, the result of the weighted summation is passed through a
nonlinear function. Deep learning requires high number of network runs, accordingly,
millions of calculations. It is therefore important to speed up the process. Graphics

processing units (GPUs) is a way to speed up the training of networks.

There are many ways to connect the neurons in a neural network. Convolutional neural
network (CNN) is one of the network architectures, specifically developed for the task of
image processing. AlexNet can be considered as the most popular CNN which win the
ImageNet 2012 competition. Following the development of AlexNet subsequent winning
architectures use more layers in a deep neural network to reduce the error rate. However,
when the number of layers increases, the training and test error rate also increases
because of the vanishing/exploding gradient problem. In order to solve this problem

Residual Network (ResNet) architecture is used.

CNNs are commonly developed at a fixed cost, and then scaled up in order to achieve
better accuracy when more resources are made available. For example, ResNet can be
scaled up from ResNet-18 to ResNet-200 by increasing the number of layers, and recently,
GPipe achieved 84.3% ImageNet top-1 accuracy by scaling up a baseline CNN by a factor
of four. The conventional practice for model scaling is to arbitrarily increase the CNN
depth or width, or to use larger input image resolution for training and evaluation. While
these methods do improve accuracy, they usually require tedious manual tuning, and still

often yield suboptimal performance.

EfficientNetisa CNN architecture and scaling method that uniformly scales all dimensions
of depth/width/resolution. The EfficientNet scaling method uniformly scales network
width, depth, and resolution with the use of a compound coefficient. EfficientNets have
been shown to achieve state-of-the-art accuracy in image classification tasks while

significantly reducing the model size and computational complexity.

Another important concept in deep learning-based object tracking and identification is
machine vision algorithms. Machine vision is the ability of a computer to see. In object

recognition 2D-CNN architectures are used by relying on architectures build upon
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ImageNet classifiers such as AlexNet, ResNet and GoogleNet. These have had great
success on the popular ILSVRC1 challenge starting with the breakthrough by AlexNet

which used GPU computation in the training step.

CNNs are used in vision applications because this type of data nearly always has spatial
relationships between related objects in the image. The computation complexity of high-
resolution images is reduced by down sampling and using sliding windows scanning the

whole image and selecting a region of interest (Rol).

In object localization CNNs are being used for example in [1] where YOLO [2] model
(proposed in 2015) is used to identify handles of doors and estimate its pose for a
grasping application tested on a mobile robot. There is an even faster, lightweight variant
called Faster YOLO achieving higher processing speed. ZFNet [3] - a faster R-CNN variant,

is used in [4] to detect multiple kiwifruits from images in clustered scenes.

When taking video sequences as input, typical problems are the classification of actions
or motion planning. Here DCNN networks are used for example the VGG [5] architecture
[6], as well as Self Organizing Maps network which in [7] receives information about the
human'’s location and pose in a robot workspace based on pressure activated notes in a

safety mat.

As mentioned above, another key technology in the development of underwater robotics
is embedded systems. An embedded system is a computer system which is completely
encapsulated by the device it controls. There are some specific requirements for each
system, such as functions, reliability, cost, size, and power consumption. Based on the
computer technology, an embedded system is designed for specific application with
hardware and software that could be tailored to adapt the system requirements. As the
core device of an embedded system, the embedded microprocessor can be an 8-, 16- or
32-bit microprocessor. Because of the limitation from the lower performance such as low
running speed, low addressing capability and high-power consumption, etc, the 8-or 16-
bit microprocessors cannot meet the requirements of some complex embedded

applications.
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In the field of the 32-bit embedded system application, ARM (Advanced RISC Machine)
gains tremendous success [8], [9], [10]. The ARM-kernel microprocessors present a
smaller size, lower power consumption, lower cost, and relatively higher performance.
For instance, with a plenty of registers and high instruction executing speed, most data
operations are completed in registers. Besides, the ARM-kernel microprocessors have
advantages in addressing flexibility, facility, and higher execution efficiency as well as
fixed lengths of instructions, and so on. An embedded operating system can be
encapsulated in ARM, to accomplish complex algorithms and to finish a variety of tasks

instead of personal computers.

An embedded system is made up of the embedded operating system and the hardware
supporting the operating system. The embedded operating system is the console of an
embedded system, which is mainly used for controlling devices of information processing
as well as user interfaces. The hardware components of embedded systems should
conform to specific applications, so that there are strict limitations on them, such as cost,

function, size, weight and power consumption, etc.

The developmentof embedded software is closely related to the hardware. The embedded
software is implemented on a certain hardware platform, dealing with some parts of
hardware-software co-design on device drivers. Due to the limited memory space for
programs running in the embedded system, it is necessary to take the code efficiency into
account during programming. For a real-time operating system, the processor should
rigidly deal with all kinds of tasks produced asynchronously. Besides, an embedded
software system is supposed to have some capabilities such as exception handling and
quick reset, etc. Generally, to improve both executing speed and system reliability, and as
well, to reduce system-reset time, the embedded software is downloaded and solidified

into FLASH or ROM of the target device.

Hardware of an embedded system has small size and high integration. An embedded
system is a minimum system without a lot of components needless for target functions.
Hardware of the system should be capable of working in bad environments and

supporting quick restart when the system is dead.
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Currently, there are some solutions for machine learning and object detection or image
classification, including Embedded Devices to implement image classifiers (Nvidia Jetson,

Intel NuC etc.), Yolo stacks for object detection, Fast-R-CNN, SSD and R-FCN.

On the other hand, in the detection of underwater objects, there is a need in the art to a
method of tracking and identification of underwater objects and a system performing the

same, which is fast and having a high accuracy.

Description of the Drawings

Figure 1: The hardware module deployed on underwater vehicle.
Figure 2: System connection for the integrated Al module.

Figure 3: Buffer of decisions, decision fusion in temporal domain.

Figure 4: The datasets used for training deep learning architecture for classification.

Summary of the Invention

In one aspect, the presentinvention provides a hardware system for Al-based underwater
vehicle, comprising a lidar on the underwater vehicle, an Al camera, an embedded edge
device configured to run two cascaded algorithms wherein one of the algorithms is a deep
learning based moving object detector and the other is a deep learning based object
classifier, an integrated Al module wherein the module includes a computer containing at

least one specialized processing unit.

In a further aspect, the computer of the hardware system may comprise at least one
specialized processing unit which can be a Tensor Processing Unit (TPU), a Neural
Processing Unit (NPU) and/or an ARM Cortex based CPU. These units are used for
accelerating deep learning inference at the edge. Examples of such devices include the
Google Coral TPU board, Edge TPU Dev Board by Google, Movidius Neural Compute Stick
2 by Intel, Jetson Nano by NVIDIA, and Rock Pi N10 by Radxa.

In another aspect, the lidar is 360-degree lidar.

In a further aspect, the present invention further provides a method for tracking and
identification of underwater moving objects through deep learning, comprising the steps

of:
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- Training an object detection network with training images to identify and
classify objects in images from a sensor system present on an unmanned
underwater vehicle (UUV), particularly an autonomous underwater vehicle
(AUV),

- ldentifying the objects in the video frames,

- Classifying objects of each frame using a processor, and

- Applying majority voting to make classification decision.

Detailed Description of the Invention

The presentinvention provides a deep learning-based method to be used for tracking and

identification of underwater moving objects.

Detecting underwater objects presents a multitude of challenges due to the distinct

features of aquatic environments. These difficulties include:

1.

Attenuation in water: Water is a highly attenuating medium, restricting light
penetration to only a few meters before it becomes undetectable. Consequently,
object detection algorithms must depend on the scarce light presentin underwater
settings.

Scattering and absorption: Light scatters and absorbs differently in water
compared to air, complicating the process of clearly observing objects. This effect
becomes particularly pronounced in turbid or murky waters, where scattering is
more substantial.

Water currents: Objects moving underwater are subject to currents that can
render their motion erratic and hard to predict, posing challenges for stationary
cameras attempting to capture images amid fluctuating water currents.
Fluctuating lighting conditions: Rapid changes in lighting conditions can occur
underwater due to factors such as time of day, weather, and water depth. These
variations complicate the accurate detection and tracking of objects.

Restricted visibility: Visibility in underwater environments can be limited,
particularly in deep or murky waters, making object detection and tracking more
difficult.

Object movement: Underwater objects can move in three dimensions, adding

complexity to accurately tracking their motion.

PCT/TR2023/050635
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7. Image distortion: Water-induced image distortion can cause objects to appear
larger or smaller than their actual size, complicating the estimation of their

dimensions and distances.

The mentioned challenges have been addressed by the present invention. In essence, the
complexities of underwater object detection stem from the unique characteristics of
aquatic environments, such as water attenuation, scattering and absorption, water
currents, variable lighting conditions, limited visibility, object movement, and image

distortion.

The present invention encapsulates two modules, the first is the hardware module and

the second is the intelligent software module.

Accordingly, the present invention provides a hardware system for Al-based underwater
vehicle, comprising a lidar on the underwater vehicle, an Al camera, an embedded edge
device configured to run two cascaded algorithms wherein one of the algorithm is a deep
learning based moving object detector and the other is a deep learning based object
classifier, an integrated Al module wherein the module includes a computer containing at

least one specialized processing unit.

The unique hardware of the present invention is developed to enable an Al-based
underwater vehicle to be used for detection, tracking and classification of underwater
objects. Said hardware can also be used with a stationary underwater object. Figure 1

demonstrates the whole hardware module setup.

In another embodiment the lidar is 360-degree lidar. Alternatively, more than one lidar

can be used to cover the environment.

The 360-degree lidar is designed at the centre top of the underwater vehicle/object to
provide 3D observation capability under the water. The 360-degree lidar provides
important 3D depth information being fed to the Al-based decision pipeline. Alternatively,
more than one lidar can be mounted on various regions of the vehicle /object to cover the

whole environment.
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In one embodiment an inspection camera, which does not play a role in Al-based decision

pipeline, continuously records the surrounding activities at for example 720p quality.

In one embodiment, the computer of the hardware system may comprise at least one
specialized processing unit which can be a Tensor Processing Unit (TPU), a Neural
Processing Unit (NPU) and/or an ARM Cortex based CPU. These units are used for
accelerating deep learning inference at the edge. Examples of such devices include the
Google Coral TPU board, Edge TPU Dev Board by Google, Movidius Neural Compute Stick
2 by Intel, Jetson Nano by NVIDIA, and Rock Pi N10 by Radxa.

Said CPU is configured to apply majority voting.

To provide a real-time moving object detection with an operating vehicle or a stationary
object, coupling of SSD with Fast R-CNN is important. To provide a system with the least
cooling, it has been found that the best CPU is the ARM Architecture CPU, preferably the
ARM Cortex Architecture CPU.

In one preferred embodiment, the computer of the hardware system comprises two

specialized processing units which are TPU and ARM Cortex based CPU.

In one embodiment, the camera of the hardware system is a is a high-definition camera

with at least Full-HD with 1080 p resolution; preferably 4K Al camera.

The Al camera, preferably of 4K quality plays a crucial role in Al-based decisions. The
high-quality image frames acquired through Al camera feeds the SSD reducing the region
of interest to further processed by Fast R-CNN Architecture. Coupling SSD with Fast R-
CNN for underwater video frames in a low-capacity embedded edge device forms a novel

framework of the present invention.

In another embodiment the computer of the hardware system is SoC computer (Google

Coral TPU board) containing a TPU unit and an ARM Cortex Architecture.
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The integrated Al module is illustrated in Figure 2 is designed such that under the lower
ventilation circumstances in an underwater environment the performance is preserved
without any interruptions. Inside this special module there is a SoC computer (Google
Coral TPU board) containing a TPU unit in addition to an ARM Cortex CPU. The TPU unit
takes care of producing decisions based on a combination of Fast-RCNN network and the

CPU ability to apply majority voting.

Specifically, the present invention provides a hardware system for Al-based underwater
vehicle, comprising a lidar on the underwater vehicle, an Al camera, an embedded edge
device configured to run SSD coupled with Fast R-CNN, an integrated Al module wherein
the module includes a computer containing a Tensor Processing Unit (TPU) and a Central

Processing Unit (CPU).

According to the present invention, TPU is capable of doing deep learning based object
detection and classification followed by majority voting along with the fusion of the

decisions from consecutive frames using CPU.

Regarding the intelligent software module of the present invention, the standard
detection algorithms such as Fast-RCNN and SSD are used as the backbone of the present
smartdetection procedure which is followed by intelligent data fusion process to increase
the detection performance. Per frame accuracy of Fast-RCNN or SSD is much lower than
the targeted accuracy of the multi-frame video. The suggested method of majority voting
applied to the time-based detections derived from a series of frames enhances the

ultimate detection precision to a perfect 100%.

The exceptional final results are achievable when employing a standard detector with an
average performance exceeding 50% by utilizing a series of combined temporal detection
decisions, rather than relying on separate single frame-based decisions for the same video
frames. The proposed framework is driven by decision fusion across the temporal
domain, corresponding to numerous consecutive frames. Independent single frame
decisions over N sequential frames will produce the same average performance, which is

selected to be higher than 50% (e.g., 55%).
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However, merging N decisions from N consecutive frames through majority voting in the

temporal domain raises the combined decision accuracy to 100%, as the average

performance from each frame surpasses 50% (e.g., 55%). This becomes feasible because,

given an infinite number of votes (i.e., frames), 55% of voters will correctly identify the

result compared to the 45% who may detect it inaccurately or fail to detect it at all.

Asymptotically, the outcome is guaranteed to be 100% accurate.

This resultis possible using the buffer of decisions method given in Figure 3 which gives

the details of the buffer of decisions approach for decision fusion in the temporal domain.

As an example, Algorithm 1 below gives the details of the object detection using majority

voting according to the present invention.

Algorithm 1 Object Detection using Majority Voting

1z
2:
3:

@ @

&
10:
11
12:
13
14:
15:
16:
17:
18
1%
20:
21
22:
23
24:
25:
26:
27
28:
29

Initialize frameList ¢ {]
Initialize detectedObjectsList « ||
procedure MAJORITYVOTING(objectsList)
Initialize voles +- empty dictionary
for object in objectsList do
if object not in votes then
votes[object] - 1
else
voteslobject] < voteslobject] + 1
end if
end for
majorityObject < MaXonjecteobjects List Votes|object]
return majorityObject
end procedure
while True do
frame - Receive a frame from the camera
detectedObject +— Detect objects in frame
if Length of framelist < 30 then
Append frame to frameLigt
Append detectedObject to detectedObjectsList
else
majorityObject +- MAJORITY VOTING{detectedObjects)
Qutput majorityObject
Discard the first element of framelList
Discard the first element of detectedObjects
Append frame to framelist
Append detectedObject to detectedObjects
end if
end while

Algorithm 1. object detection using majority voting
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In one embodiment, the items are classified into two primary groups, namely objects and
animals, as depicted in Figure 4. In said embodiment, which is demonstrated in Figure 4,
there are seven objects to be classified. Five of these are moving objects under the animal

category whereas the remaining two categories are stationary.

The proposed machine learning framework is scalable to include additional categories to

be classified. This adaptive approach allows customised datasets to suit specific needs.

The following is an example of the system preparation according to the invention:
1. Collect and preprocess the data:
e Collectreal-life underwater scenery data from videos.
e Label the objects in the images using annotation tools like Labelling.
e Convert the images to the required format for training the model.
2. Setup the Google Coral Dev Board:
e Install Ubuntu 18.04 on a computer with a USB port.
e Download the Coral Dev Board flasher tool and the Coral Dev Board USB
driver.
e Insert the Coral Dev Board into the USB port of the computer.
¢ Run the flasher tool and flash the Coral Dev Board with the latest version of
Mendel Linux.
e Connect the Coral Dev Board to a monitor, keyboard, and mouse using
HDM]I, USB, and Bluetooth.
e Connecta camera to the Coral Dev Board using USB.
3. Install TensorFlow Lite:
¢ Install Python 3.7 on the Coral Dev Board
¢ Install TensorFlow Lite using pip:
4. Choose a pre-defined model:
e Select a pre-trained object detection model that is compatible with
TensorFlow Lite and the Coral Dev Board.
e Download the model from the TensorFlow Hub or GitHub.
5. Fine-tune the pre-defined model:

e Install TensorFlow on your computer.
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e Use TensorFlow's transfer learning API to fine-tune the pre-defined model
for object detection using your preprocessed data.
e Export the fine-tuned model in TensorFlow Lite format.
6. Optimise the model:
e Use the Edge TPU Compiler to optimise the model for running on the Coral
Dev Board.
¢ Download and install the Edge TPU Compiler on your computer.
e Compile the model using the Edge TPU Compiler.
7. Deploy the model:
e Copy the compiled model file to the Coral Dev Board.
¢ Install OpenCV on the Coral Dev Board.
e Usea Python script to test the model on real-world data.
8. Iterate and improve:
e lIterate and improve the model by tweaking its architecture or fine-tuning

it with more data until you achieve the desired performance.

In another embodiment, the mentioned embedded edge device has alow capacity. Herein,
the embedded edge device has a low computational capability with power efficiency and

low heat dissipation and may preferably use passive cooling solutions.

In the system, it is preferred that an additional camera is included for inspection. In
another preferred configuration, a temperature system and/or depth sensor and/or a

compass is included.

The system of the present invention particularly suitable for unmanned underwater

vehicle (UUV), preferably an autonomous underwater vehicle (AUV).

The present invention further provides a method for tracking and identification of
underwater moving objects through deep learning, comprising the steps of:
- Training an object detection network with training images to identify and
classify objects in images from a sensor system present on an unmanned
underwater vehicle (UUV), particularly an autonomous underwater vehicle

(AUV).
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- ldentifying the objects in the video frames
- Classifying objects of each frame using a processor

- Applying majority voting to make classification decision.

5 In one preferred embodiment, the method according to the present invention comprises
the steps of:

- Collecting underwater scenery data,
- Labelling the objects in the images using annotation tools such as labelling,
- Converting images to the required format for training the model,

10 - Training the object detection model to detect the underwater objects,
- Detecting the underwater objects,
- Receiving the real-time underwater object list,
- Applying majority voting on the detected object list,
- ldentifying the detected underwater objects.

15
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CLAIMS

1. A hardware system for Al-based underwater vehicle, comprising a lidar on the

underwater vehicle, an Al camera, an embedded edge device configured to run two
cascaded algorithms wherein one of the algorithms is a deep learning based
moving object detector and the other is a deep learning-based object classifier, an
integrated Al module wherein the module includes a computer containing at least

one specialized processing unit.

. A hardware system according to claim 1 wherein the deep learning based moving

object detector is SSD.

. A hardware system according to claim 1 or 2 wherein the deep learning-based

object classifier is Fast R CNN.

. A hardware system according to any one of claims 1 to 3 wherein the camera is a

high-definition camera with at least Full-HD with 1080 p resolution.

. A hardware system according to claim 4 wherein the Al camera is 4K Al camera.

. A hardware system according to any one of claims 1 to 5 wherein the computer is

system-on-a-chip (SoC) computer.

. A hardware system according to any one of claims 1 to 6 wherein the specialized

processing unit is a Tensor Processing Unit (TPU), a Neural Processing Unit (NPU)

and/or an ARM Cortex based CPU.

. A hardware system according to any one of claims 1 to 7 wherein the specialized

processing units are TPU and ARM Cortex based CPU.

. A hardware system according to any one of claims 1 to 7 wherein the lidar is 360-

degree lidar.

PCT/TR2023/050635
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10.A hardware system according to any one of claims 1 to 8 further comprising a

Scanning Imaging Sonar which is an underwater 360-degree sonar.

11.A hardware system according to any one of claims 1 to 9, wherein the CPU is

configured to apply majority voting.

12.A hardware system according to any one of claims 1 to 11, further comprising an

inspection camera.

13.A hardware system according to any one of claims 1 to 12, further comprising

temperature sensor.

14.A hardware system according to any one of claims 1 to 13, further comprising

depth sensor.

15.A hardware system according to any one of claims 1 to 14, further comprising a

compass.

16.A system for tracking and identification of underwater moving objects, including a

hardware system of claim 1 and an intelligent software.

17.A method for tracking and identification of underwater moving objects through

deep learning, comprising the steps of:

Training an object detection network with training images to identify and

classify objects in the real-time images or videos obtained from a sensor system

present on an underwater vehicle,

- ldentifying the objects in the video frames or images by using the trained object
detection network,

- Classifying objects of each frame using a processor, and

- Applying majority voting to make classification decision.
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18.A method according to claim 16, comprising the steps of:

- Collecting underwater scenery data,

- Labelling the objects in the images using annotation tools such as labelling,
- Converting images to the required format for training the model,

- Training the object detection model to detect the underwater objects,

- Receivingreal-time images of the underwater objects,

- Receiving the real-time underwater object list,

- Applying majority voting on the detected object list,

- ldentifying the detected underwater objects.
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1. Ahardware system for Al-based underwater vehicle, comprising

- alidar on the underwater vehicle configured to provide 3D depth information
to the Al-based decision pipeline,

- an Al camera, configured to capture images for further processing,

- an embedded edge device configured to run two cascaded algorithms wherein
one of the algorithms is a deep learning based moving object detector and the
other is a deep learning-based object classifier,

- an integrated Al module wherein the module includes a computer containing
two specialized processing unit, one processing unit is configured to perform
object detection and classification, and the other processing unit is configured
to manage temporal fusion using majority voting on the classification results

across multiple consecutive frames.

. A hardware system according to claim 1, wherein one of the two specialized

processing units is a Tensor Processing Unit (TPU) configured to perform object
detection and classification at the edge, and the other specialized processing unit
is a Central Processing Unit (CPU) configured to manage intelligent decision-
making processes by applying fusion of decisions in the domain using majority

voting on the classification results across multiple consecutive frames.

. A hardware system according to claims 1 or 2 wherein the deep learning based

moving object detector is SSD.

. A hardware system according to claim 1 or 3 wherein the deep learning-based

object classifier is Fast R-CNN.

. A hardware system according to any one of claims 1 to 4 wherein the camera is a

high-definition camera with a minimum resolution of 1080p (Full HD).

. Ahardware system according to claim 5 wherein the Al camera is 4K Al camera.

20
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7. Ahardware system according to any one of claims 1 to 6 wherein the computer is

system-on-a-chip (SoC).

8. Ahardware system accordingto claim 1 wherein one of the specialized processing
units, configured to perform object detection and classification, is a Tensor
Processing Unit (TPU), a Neural Processing Unit (NPU) or an ARM Cortex based
CPU.

9. A hardware system according to any one of claims 1 to 8 wherein the specialized

processing units are TPU and ARM Cortex based CPU.

10.A hardware system according to any one of claims 1 to 9 wherein the lidar is 360-

degree lidar.

11.A hardware system according to any one of claims 1 to 10 further comprising a

Scanning Imaging Sonar configured as an underwater 360-degree sonar.

12.A hardware system according to any one of claims 1 to 11, further comprising an

inspection camera.

13.A hardware system according to any one of claims 1 to 12, further comprising

temperature sensor.

14.A hardware system according to any one of claims 1 to 13, further comprising

depth sensor.

15.A hardware system according to any one of claims 1 to 14, further comprising a

compass.

16.A system for tracking and identification of underwater moving objects, including a

hardware system of claim 1 and an intelligent software.

21
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17.A method for tracking and identification of underwater moving objects through

deep learning, comprising the steps of:

Training an object detection network with training images to identify and
classify objects in the real-time images or videos obtained from a sensor system
present on an underwater vehicle,

Identifying the objects in the video frames or images by using the trained object
detection network,

Classifying objects of each frame using a processor, and

Applying majority voting to make classification decision.

18. A method according to claim 17, further comprising the step of:

Generating regions of interest from the input data using a deep learning-based
object detection algorithm, such as SSD, to optimize the classification process

by reducing the amount of data to be processed.

19. A method according to claim 17 or 18, further comprising the steps of:

Aggregating the classification results in temporal domain obtained from
consecutive frames using decision level fusion.
Applying majority voting on the aggregated results to ensure consistency and

reliability in object identification under varying underwater conditions.

20.A method according to claim 17, comprising the steps of:

Collecting underwater scenery data,

Labelling the objects in the images using annotation tools such as labelling,
Converting images to the required format for training the model,

Training the object detection model to detect the underwater objects,
Receiving real-time images of the underwater objects,

Receiving the real-time underwater object list,

Applying majority voting on the detected objectlist,

Identifying the detected underwater objects.
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