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Abstract

In this robotics methodology, researchers present a versatile approach to empower autonomous robot
operations. It commences with the acquisition of data from a suite of sensors, including lidar,
cameras, IMU, and potentially advanced sensors like depth cameras or RGB-D sensors. To extract
meaningful insights from this sensor data, we employ deep learning-based feature extraction. Our
feature extraction pipeline comprises a specialized Convolutional Neural Network (CNN) for spatial
feature extraction from camera images and Recurrent Neural Networks (RNNs), such as Long Short-
Term Memory (LSTM) networks, to capture temporal dependencies within the sensor data. To
integrate the diverse sensor modalities, we introduce a Fusion layer, merging CNN and lidar data with
RNN outputs, creating a comprehensive feature representation. These features are then combined
using a weight-based approach, emphasizing each sensor’s importance. Our methodology extends to
mapping and localization through Deep Learning, blending traditional Simultaneous Localization and
Mapping (SLAM) techniques with optimized neural networks for map updates. We also enhance
attitude estimation and pose refinement by combining Kalman filtering with optimized neural
networks for precise positioning. In the domain of path planning and control, we utilize reinforcement
learning-based policies, leveraging SLAM-derived maps and current pose data for effective robot
navigation. Additionally, our approach integrates hybrid optimization algorithms, bridging traditional
optimization methods with reinforcement learning to formulate collision-free paths in dynamic
environments. This holistic methodology equips autonomous robots with the robustness and
adaptability necessary to navigate complex real-world scenarios effectively. The experimental values
are reported as supplied; the evaluation limitations discussed below restrict their interpretation.

Keywords: CNN, RNN, LSTM, simultaneous Localization and mapping, Kalman filtering, robot
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Introduction

The Global Positioning System, commonly referred to as GPS, is a system of satellites used for global
navigation that synchronizes time, speed, and location. One of the primary challenges preventing us
from using AUVs to solve issues of vital importance to society is navigation. For an AUV to be
operated and recovered safely, accurate navigational information is crucial [21]. To reduce the
vocabulary size, enhance the vocabulary’s loading speed, and increase tracking accuracy, a binary
vocabulary storage technique and vocabulary training algorithm based on an improved Oriented FAST
and Rotated BRIEF (ORB) operator were developed [22]. Such a system requires precise real-time ego
motion estimation, mapping, and path planning in the presence of challenges [23]. In accordance with
the most recent theory of the invariant Kaman filter, a novel visual inertial navigation method for low-
cost and computationally restricted vehicles in GPS-denied situations has been developed [24] and
makes use of a drone autonomous landing system based on monocular vision in chaotic settings and
during emergencies [25].

The application of such systems can be enhanced by being able to localize against a previous map
and produce accurate and drift-free posture estimates [26]. The data produced by these sensors is
incorporated in a pose-based Graph SLAM estimator, which is part of the robotic car’'s odometry
sensor, 3D LiDAR Velodyne HDL-32E, IMU, and low-cost GPS [27]. The connection between various
Smart World components and associated localization technologies; groups logically the localization
applications that enable smart environments and devices; describes the complexity of the localization
technologies used; and introduces some of the open challenges for localization in the Smart World
[28]. In some instances, the real-time demands of autonomous systems can be met by the inference
process by using distributed computation [29]. To be able to bridge the visual area description file
(ADF) and semantic map to accomplish semantic localization, construct a map alignment technique
that makes use of the visual positioning service (VPS) built inside the Google Tango device [30].

The newly created Bug Algorithms’ performance is sensitive to several types of sensor noise, with
odometry-drift being the most prominent example [31]. Examine the potential of the most popular
advanced state estimation techniques, in relation to key MAV design challenges [32]. Advanced driver
assistance systems (ADAS) as well as autonomous driving are both included in the functional
spectrum discussed. The essay is organized in a manner similar to how video sequences’ rich
information and enormous amounts of data are usually condensed in image processing pipelines [33].
Accurate hovering and trajectory tracking control can be accomplished in GPS-denied indoor and
outdoor areas without the aid of an external ground motion capture system, such as a VICON system,
by utilizing the modified visual SLAM algorithm with the visual input from an onboard monocular
camera [34]. an OSM-based robot navigation approach that blends knowledge of the local perceptions
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with the road network. OSM’s global map offers the Dijkstra algorithm the road network data it needs
to determine the global path. Information fusion from many sensors, such as 3D-LiDAR and CCD
cameras, provides local data to identify obstructions as well as local roads for course planning [35].

The main contribution of this research is as follows:
To Extract features from the preprocessed data CNN and RNN are used.
To fusion the extracted features weighted based feature fusion is used.

To enhance attitude estimation, providing more accurate pose information, combine traditional
Kalman Filtering with a neural network.

To generate robot control commands for navigation, develop a reinforcement learning-based control
policy that takes the SLAM-derived map and current pose as input.

To plan optimal collision, and free path in dynamic environments the hybrid optimization algorithm
combines traditional optimization methods with reinforcement learning.

The research is organized into five sections: Section 1 explains the introduction; Section 2 reviews
previous work; Section 3 discusses methodologies; Section 4 discusses results and conclusions; and
Section 5 outlines the research’s conclusion.

Literature Review

In 2017, Kumar et al. [36] have proposed an indoor mapping and localization solution was introduced
for a UAV, integrating low-cost LiDAR and IMU sensors. Exploiting indoor environments’ geometric
structure, the planar position of UAVs was accurately computed through a point-to-point scan
matching algorithm, primarily utilizing measurements from a horizontally scanning LiDAR. The
solution aimed at robust and efficient UAV operations.

In 2021, Chang et al. [37] have used an enhanced DWA, incorporating Q-learning, was presented.
Initial evaluation functions were adapted and expanded by adding two new ones to bolster global
navigation. State space, action space, and reward function were defined for the Q-learning algorithm
in robot motion planning, emphasizing efficacy and efficiency. DWA parameters were subsequently
adaptively learned through Q-learning, yielding a trained agent adaptable to unknown environments.

In 2016, Rebecq et al. [38] have used Camera position and orientation were computed with high
precision, while generating a semi-dense 3D environmental map. The approach proved highly
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efficient, operating in real-time on standard laptop CPUs or, with some precision reduction, on mobile
platforms as often observed on MAVs.

In 2017, Xu and Ding et al. [39] have used to diminish location fluctuation and error due to multipath
and environmental interference in LANDMARC. A new indoor positioning algorithm, grounded in
Bayesian probability and K-Nearest Neighbor (BKNN), was introduced. Experimental outcomes
highlighted the Gaussian filter’s effectiveness in eliminating anomalous RSS values, enhancing the
algorithm’s performance.

In 2019, Jiang et al. [40] have used a novel graph optimization-based SLAM framework was
introduced, merging low-cost LiDAR and vision sensors. The framework introduced a fresh cost
function that integrated both scan and image data. For loop closure detection, the Bag of Words
(BoW) model utilizing visual features was employed, showcasing the approach’s effectiveness.

In 2017, Vivacqua et al. [41] have leveraged a short-range visual lane marking detector and a dead
reckoning system to create a record of identified rear lane markings spanning the last 240 meters
driven. This data was employed to search the map for the most resembling section, determining
vehicle localization within the map reference. Additional filtering improved localization estimation
robustness.

In 2018, Carreras et al. [42] have recommended employing path-planning algorithms for maneuvering
autonomous underwater vehicles (AUVs) in scenarios demanding real-time trajectory adjustments for
safety and inspection needs. The platform Sparus Il AUV was chosen, along with a suite of planning
algorithms, to enable these innovative AUV capabilities, enhancing their adaptability and
functionality.

In 2019, Li and Zhang et al. [43] have examined automated exploration in unfamiliar environments,
vital for applying robotics in social tasks. Stacking decision rules proved inadequate for diverse
environments and sensor traits. Learning-based control methods were adaptable but hampered by
inefficient learning and challenging simulation-to-reality transition.

In 2016, Thanpattranon et al. [44] have used to formulate a control algorithm for a single-sensor
tractor-trailer navigation system, facilitating movement within row plantations and inter-plot travel. A
control strategy for halting the tractor-trailer during in-field tasks, such as product loading/unloading
through a laser range finder (LRF), was developed. The LRF guided a full-scale autonomous
agricultural tractor with a two-wheeled trailer.

In 2020, llci and Toth et al. [45] have proposed to evaluate the performance capabilities of
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autonomous vehicle sensor systems in acquiring high-definition maps by solely utilizing Velodyne
sensor data to generate precise point clouds. Specifically, no other sensor data were taken into
account throughout this investigation.

Problem Statement

Nonetheless, the algorithm’s reliance on Bayesian probability and K-Nearest Neighbor might face
limitations in scenarios with dense RFID deployments or dynamic interference, leading to suboptimal
accuracy and increased computational complexity in indoor positioning [39]. However, the fusion
process in the proposed SLAM framework may introduce challenges in handling complex
environmental dynamics and occlusion scenarios, potentially affecting the accuracy and robustness of
the 2.5D map construction [40]. The utilization of Deep Reinforcement Learning for automatic
exploration might suffer from slow learning convergence, excessive computational requirements, and
difficulties in effectively generalizing learned behaviors to diverse and complex unknown
environments, impacting navigation efficiency and adaptability [43]. Furthermore, this approach’s
reliance solely on a laser range finder (LRF) might lead to challenges in environments with poor LRF
visibility, occlusions, or varying lighting conditions, potentially affecting the accuracy of trailer
positioning and overall navigation effectiveness in orchards and plantations [44].

Proposed Methodology

Our proposed methodology, follows a comprehensive approach to autonomous robotics, starting with
sensor data acquisition from various sensors like lidar, cameras, IMU, and more. We employ deep
learning techniques, such as CNNs for spatial feature extraction from camera images and RNNs for
capturing temporal dependencies in sensor data. To fuse these features effectively, we employ a
weighted feature fusion approach, allowing us to combine information from multiple sensors
intelligently. Additionally, we integrate deep learning into SLAM algorithms for mapping and
localization, utilizing optimized neural networks for map updates. Furthermore, we enhance attitude
estimation and pose refinement using a fusion of Kalman filtering and neural networks, ensuring
precise robot positioning. Finally, our path planning and control strategy leverages reinforcement
learning-based policies for navigation and hybrid optimization algorithms to plan collision-free paths
in dynamic environments. This holistic approach ensures robust and intelligent autonomous robot
operation.
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Figure 1: Over all flow diagram of the model

Preprocessing

In this proposed methodology, the preprocessing stage collects the data from sensors by including
lidar, cameras, IMU, and potentially other advanced sensors like cameras or RGB-D sensors.

Sensors

A sensor is a device that perceives alterations to its surroundings and reacts to an output from

another system.

Lidar

Robots can traverse their surroundings with the help of LiDAR (light detection and ranging)
technology, which offers object perception, object recognition, and collision avoidance. Real-time
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information on the robot’s surroundings, including walls, doors, people, and various other objects, is
provided via LiDAR sensors.

Cameras in Robot navigation

Cameras are incredible tools that contain two sensors in one. A camera first precisely calculates the
direction of points in space. Second, computer vision algorithms can examine the 2D images captured
by the sensor in order to identify things and assess the environment in front of the robot.

IMU

A group of sensors are the foundation of an IMU, an electronic device that uses the data produced by
the sensors. Gyroscopes, accelerometers, and even magnetometers are examples of these basic
sensors. Depending on the type of IMU, the information produced relates to three different aspects:

acceleration, angular velocity, and orientation.

Depth Cameras or RGB ID sensors

With the use of depth-sensing cameras, machines can now comprehend their surroundings in three
dimensions. In applications like vision-guided robots, inspection, and monitoring, depth cameras have
grown in importance due to the deeper information they provide. A specific kind of depth camera
known as an RGBD camera outputs both depth (D) and color (RGB) data in real-time.

Feature Extraction

In this research, from the preprocessing sensor data features are extracted by the use of deep neural
networks like Convolutional Neural Networks and Recurrent Neural Networks.

Convolutional Neural Network

Convolutional layers (Conv), pooling layers (Pool), and fully connected layers (FC) are depicted in
Figure 1 using the naming pattern of current common convolutional neural networks. Four
convolutional layers, three pooling layers, and two fully linked layers make up the proposed network.
To improve the local contrast, each convolutional layer is connected with a max-pooling layer.
Analyse camera pictures using a CNN. When removing spatial characteristics from images, CNNs work
effectively. After a number of convolutional layers, pooling layers will be used to create the CNN.
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Hierarchical characteristics from images are learned by these levels.

LFLF 1}

Figure 2: CNN Framework

A Convolutional Neural Network is an advanced deep-learning algorithm specialized in processing
images. It adeptly identifies and distinguishes features and objects within images through learnable
weights and biases. Unlike traditional methods that require manual filter engineering, ConvNet
autonomously learns these filters and attributes. This reduces preprocessing efforts. The fundamental
components of a ConvNet include the convolution layer (a), which extracts features; the pooling layer
(b), which down samples data; the activation function (c), which introduces nonlinearity; and the fully
connected layer (d), which performs the final classification. These elements collectively enhance the
network’s capacity to recognize intricate patterns and objects in images. Figure 2 illustrates the CNN
framework.

Convolutional layer

A convolutional neural network’s basic layer, the convolution layer, is located at its center. The
response of related inputs within its receptive field is defined by this crucial layer. By applying kernels
to the height and width of the input data, the layer convolutions generate a 2-D activation map by
calculating the dot product between the input and filter values. Through this procedure, the CNN
quickly learns about filters that turn on when certain features are detected at specified spatial regions
in the input. The network’s aptitude for image and pattern recognition tasks depends on its innate
capacity to identify as well as localize elements.
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Pooling layer

Subsampling layers are essential for integrating local or global features in the CNN architecture.
Reduced spatial dimensions are achieved by incorporating individual neurons’ outputs from one layer
into those of the following layer. These reductions in size limit computations and parameters,
speeding up processing while avoiding overfitting. This pooling layer type, which is usually referred to
as max pooling, is recognised for its efficiency. Subsampling layers improve the network’s speed and
efficiency by aggregating data and retaining key characteristics, making it better able to spot intricate
patterns in a variety of data.

Fully connected layer

Similar to the traditional multi-layer perceptron, fully connected layers are essential components of
deep neural networks. For classification or regression problems, they produce predictions using
activations. Through matrix multiplication and bias addition, every activation from the preceding layer
is linked to this one, enabling thorough information sharing and prediction creation.

RNN

Use an RNN to detect temporal connections and sequences in sensor data. For sequential data, Long
Short-Term Memory (LSTM) is an appropriate choice. Figure 3 illustrates the schematic diagram of the
circulating neural network, and C is the neural network unit, also known as the cyclic neural network
unit. The input and output of are xt and ht, respectively. The RNN’s hidden layer is connected to both
the previously encountered input features as well as the current input. The parameters of the network
are updated via traversing time backpropagation, and it only requires one set of the neural network
structure C. Ordinary RNNs struggle to handle long-distance dependence due to gradient expansion
and gradient disappearance issues. Numerous derivative networks exist for recurrent neural networks
(RNNSs).
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Figure 3: RNN

A popular network is the long short-term memory (LSTM) network. The fully connected (FC) hidden
layer of a standard RNN is swapped out for units in LSTM. Figure 4 displays its schematic diagram.
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Figure 4: LSTM

Due to its ability to handle long-term dependencies, LSTM has solved the issue with conventional
RNNs. Gate ft, which is constructed by three Sigmoid functions, is forgotten when Ct inputs gate it.
The memory for previous status information is managed by the output gate to. Additionally, the gated
recurrent unit (GRU), which combines the input gate and forgetting gate, is a superior variant
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structure of the LSTM.
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Figure 5: Feature Extraction flow

Figure 5 shown in Above, The technique makes use of neural networks, notably convolutional neural
networks (CNNs) for processing camera pictures, to extract features from sensor data via deep
learning. Through a stack of convolutional and pooling layers, CNNs are excellent at capturing spatial
characteristics inside images, enabling the hierarchical learning of visual attributes. Recurrent neural
networks (RNNs), such as the Long Short-Term Memory (LSTM) network, are used to take into account
temporal correlations within sensor data sequences. These RNNs can handle sequential data with
ease. An input layer, a CNN layer for image data, and an RNN layer for sequential data make up the
processing pipeline. The outputs of the RNN and the CNN-based representations of the camera and
lidar data are combined in a separate fusion layer. The final output layer achieves the desired
outcomes and offers a comprehensive method of feature extraction and representation for thorough
sensor data analysis.

Feature Fusion

After extracting the features, perform feature fusion using a weight-based approach by computing the
weighted sum of features. This method involves multiplying each feature by its designated weight and
then aggregating them into a single combined feature, resulting in a customized and effective
representation. Weighted-based feature fusion plays a crucial role in enhancing robot navigation in
complex and dynamic environments. In the context of robotics, it involves amalgamating data from
various sensors and feature sources with different degrees of importance. By assigning appropriate
weights to these sources, robots can make more informed decisions and navigate efficiently. For
instance, a robot equipped with cameras, LIDAR, and ultrasonic sensors can benefit from weighted-
based feature fusion. In a cluttered indoor environment, LIDAR data might be highly valuable for
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obstacle detection and avoidance. Therefore, it could be assigned a higher weight in the fusion
process. Meanwhile, the camera data could be leveraged for recognizing landmarks or reading
signage, contributing to localization and path planning but with a lower weight due to potential
occlusions and lighting variations. Ultrasonic sensors, sensitive to immediate obstacles, could receive
a moderate weight.

By skillfully combining these sensor inputs through weighted fusion, the robot can adapt its
navigation strategy based on the context, focusing on critical information while filtering out less
relevant data. This approach enables robots to make real-time decisions that balance safety and
efficiency, ultimately leading to smoother and more reliable navigation in diverse and challenging
environments, from warehouses to hospitals and beyond. Weighted-based feature fusion is an
indispensable tool for ushering in the next era of autonomous robotics.

The general equation for weighted-based fusion can be represented as follows:
F=(w1*ml)+(w2*m2)+.....(wn*mn) (1)

Where F is the resulting fused value, which combines information from multiple measurements or
features. wl,w?2....wn are theweights assigned to each measurement or feature. These weights can
be fixed or learned. m1,m2,...mn are the individual sensor measurements or feature values.

The choice of weights and how they are determined (fixed or learned) depends on the specific robot
navigation task and the characteristics of the sensors or features involved. These weights are
designed to give more importance to reliable or informative measurements while downplaying less
reliable ones. The fused value can then be used in navigation algorithms to make decisions about the
robot’s movement and actions based on the combined sensor information.

Mapping and Lozalization

SLAM Algorithm with Deep Learning Integration

SLAM uses the robot’s location to create an environmental map, which is then used to calculate the
robot’s position using the previously created map. They support one another. It can be summarised as
using sensor data to address the issues of creating an environmental map and detecting its own
orientation at the same time. In accordance to the mobile robot’s motion model, process noise and
control input cause the robot’s posture to alter over time. The robot’s motion model can be stated as

XT=H(XT-1IUT)+6T (2)
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The robot’s state vector X;, which includes different factors including location, heading angle, and
speed, describes the robot in its current state of posture, which is usually nonlinear, H is a state
transition model. U, , is the control input data, and 6 it represents the time-independent random
noise in the process of robot movement, with a mean value of 0, and a covariance of qj.

The robot on the move enters an unknown environment from an unknown position, moves while using
its own sensors to gather environmental data, uses this data to continuously create and update the
environmental map, and at the same time chooses its position and posture based on the sensor data
and the created environmental map. It is possible to sum up the localization and mapping of SLAM as
a process of “estimation”-“observation”-“correction.” Figure 6 displays the diagram of the system
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Figure 6: System State Diagram

X; Displays the mobile robot’s current state, M;the environment’s attributes, U, the robot’s control
input, and the sensor’s observed measurement. The system state at a given time, the input at that
time, and Z; the observed sensor measurement at that time are all tied to the current state of the
robot. It is required to correct the position because the sensor will have some mistakes by monitoring
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external environmental landmarks, calculating the robot’s pose based on the observed landmarks,
and then estimating the robot’s initial estimated stance using the landmarks’ calculated pose. The
estimating inaccuracy decreases with the number of environmental features observed.

In order to estimate a robot’s position and pose as well as the location of surrounding landmarks,
SLAM relies heavily on assessing sensors’ perception of the surrounding environment. Currently, lidar,
camera, sonar sensor, and other sensors are the most common ones used in SLAM to sense
environmental data.

Artificial Neural Network

The following D2D communication example is retained to illustrate ANN power control. It is a separate
application: the supplied manuscript does not establish how its channel gains and power outputs map
to robotic localization.

Artificial neural networks are configurations that are frequently employed in machine learning.
Neurons are the building blocks of a neural network, which is divided up into layers. Each layer may
have one or more neurons, and depending on where it is in the neural network, it may be an input
layer, hidden layer, or output layer. The first and last layers are referred to as the input layer and
output layer, respectively. There are several layers, each of which is referred to as a hidden layer, in
between the input and output layers.

The optimization problem in equation is based on the mathematical relationship between the cellular
channel gains and the D2D channel gains. The relationship between cellular and D2D channel gains in
mobile networks is unknown, and it cannot even be inferred analytically from any known properties of
mobile networks and recommended using an artificial neural network to automatically learn this
relationship and modify the D2D pairs’ transmission strength accordingly (ANN). To put it more
precisely, the ANN can be compared to a regulator that controls the D2D pair’s transmission power
solely based on the data about cellular channel gains that D2D users transmit to base stations. The
aim of the optimization in Eqn. (3) for the binary power control is to set the transmission power of
each D2D pair to either ork, =k ,.or k, =k, . Setting the transmission power for N D2D pairs is the
challenge associated with identical binary classification. We suggest the use of a fully connected ANN
to create a mapping between cellular channel gains and the best binary transmission power setting
for each m™ D2D pair that maximises the total capacity of D2D pairs.

Figure 7 displays the ANN for binary classification. The proposed ANN is made up of an input layer

c=(C, C,,......,C,), hidden layers S=(S,,S,....S,)), and an output layer B=(B,, B,,....B,,). The cellular

channel gains from the D2D users to the base stations are aligned by the input layer of the suggested
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ANN, which has an input layer with an input vector. The term,Out,, =K, ,, K,,........... Kxw produced by
the input layer, has a length of XxWand is a vector that represents the cellular channel gains
between base stations and D2D users.

IapatLarer HiddeaLaver

Figure 7: ANN Architecture

Because the sigmoid function’s value falls between 0 and 1, the output of the ANN will be, which
shows the likelihood that. The transmission power for the m™ D2D pair is therefore set to:

k. ={k,. if out; >0.5; k,,;,, otherwise (3)

An activation function @ is used to describe a basic model of a neuron by applying it to a linear
combination of input data C==(C,, C,,......,C,)), weights D=D,,D,,....D,,, and bias constant y.
Consequently, the output B is such that B=®(U) and where U=y+3,_,"(D,C,). This output is then
transmitted to the following layer as input data along with all of its other outputs, continuing the
process until the output layer produces the final output.

Since the activation function ® of the most popular neuron model, the sigmoid neuron, is the sigmoid
function ®(U)= (1)/(1+enU) , the output is calculated as follows.

B=(1)/(1+&™ %) (4)

Since gradient descent is a common method for adjusting the weights and bias, the sigmoid neuron’s
popularity can be attributed to how simple it is to obtain the partial derivative of this function. The
backpropagation and feed-forward processes make these adjustments.
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The transmission power of the D2D pairs cannot be calculated using a straightforward mathematical
relationship between the cumulative capacity of the D2D pairs and the cellular channel gains.
Therefore, in order to maximise the sum capacity of D2D pairs, we offer an offline supervised
learning-based technique in which the ideal binary transmission powers are discovered following a
thorough search. The suggested artificial neural network is then given the transmission power of the
m™ D2D pair as a targeted class linked to a set of cellular channel gains as features.

Attitude Estimation &Pose reinforcement

A thorough introduction to the visual inertial navigation system'’s attitude fusion estimation algorithm
based on KF will be provided. Figure 8,9 s depicts the algorithm flow chart.

It is important to identify the state equation that agrees with the linear system, i.e., to linearize KF, in
order to process the KF more intuitively. Although it is standard practice, using error state quantity to
express system modeling can reduce data redundancy and increase operational efficiency. Instead of
using the arithmetic error between rotation and rotation estimation, error quaternion is employed to
define the error quantity. The tiny rotation between an estimated amount and the real state quantity
is represented by the error quaternion two in this case, and this error is defined by multiplication, as
illustrated in the following formula:

6Q=Q0Q" (5)

Given that the second error quaternion is a very small rotation, it can be written as an approximately
small angle error. A small angle error is defined as follows.

6Q=[[6Q1 ; [6Qy]1=[[Ksin((80)/(2))] ; [cos((66)/(2))11=[[(1)/(2)66] ; [11] (6)

Where 6Q and 6Q,, are the actual and imaginary components of a microrotation, respectively.
Currently, the error state quantity 6Xcan be stated using the formula below, where AB is the mistake:

6X=[[66] ; [ABI] (7)

The inertial navigation system’s state equation can be effectively approximated using the error state
equation. The high-frequency output of the IMU for attitude estimation tends to accumulate
substantial errors over time. To enhance system robustness, integrating the low-frequency output
from visual SLAM as the IMU’s attitude output proves beneficial. The visual attitude estimation Q."not
only signifies the transformation from camera to world coordinates but also serves as a crucial
observation value Z within the filtering process. This integration enhances overall performance and
accuracy. The joint observation matrix’s expression for the available observation equation is as
Copyright © 2026 Academic Master. | 16
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follows:
h=[03x3 in3 (8)

From then, the observation matrix and observation noise variance matrix may be used to determine
the updating process of KF, and the precise stages are shown in the following formula:

kK=pK|K-1 th(thK|K»l th+rK)-1 (9)
XK=XK|K-1+kK(ZK'hKXK|K.1) (10)
Pr=(-kehy)pyres (11)

A vector that specifies a feature’s location and other characteristics mathematically represents the
feature. The environmental features that sensors measure is often referred to as point features. The
environment’s I th characteristic can be stated by P,, which is referred to as

PI:[[XI] ; [YI]] (12)

When the status of a feature changes infrequently from time K to the time K+1, it can be considered
static, as showed by the following examples:

P(K+1)=P,(K)=P, (13)

Enhance attitude estimation by merging traditional Kalman filtering and optimized neural networks.
These fusion augments pose accuracy for improved results in attitude estimation, delivering superior
performance.

Path Planning and Control

To develop a reinforcement learning-based control policy that takes the SLAM-derived map and
current pose as input to generate robot control commands for navigation and to use hybrid
optimization algorithms that combine traditional optimization methods with reinforcement learning to
plan optimal collision-free paths in dynamic environments.

Green Anaconda Optimization

The green anaconda (Eunectes murinus), a species of boa found in South America, is sometimes

referred to as the big anaconda or common aquatic boa. It is one of the most lengthy and largest non-

venomous constrictor snakes in the world. It resembles other boa species. There have been claims
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that green anacondas may grow to a length of 5.21 m. The average length of the female species is
4.6 meters, whereas the average length of the male species is 3 meters. According to reports, green
anacondas can weigh anywhere from 30 to 70 kg. The bodies of green anacondas are olive green and
covered with black spots. They have a thinner head compared to their body size, which is
differentiated by orange-yellow striping. With its eyes on its head, the green anaconda can swim
through the water and emerge from it without revealing its body. Green anacondas may swallow prey
bigger than their own heads due to their flexible jaw bones.

Green anacondas seek animals to supplement their diversified diet. Fish, birds, reptiles like tortoises
and animals like agoutis are all part of this diet. Additionally, there are claims that green anacondas
occasionally pursue prey species weighing more than 40 kg for their food. The majority of the time
green anacondas spend in or near water. Although they move slowly on land, they can swim quite
quickly and are very nimble in the water. The green anaconda hunts by concealing itself below the
water’s surface and protruding its snouts above the surface. It is a fierce hunter that strikes, wraps
itself tightly around its prey, and suffocates it before devouring it whole. Males start looking for
females as mating season comes. Males rely on pheromones left by females to confidently locate and
approach them. Males repeatedly flick their tongues throughout this procedure in order to detect
molecules that signal the females. The green anaconda exhibits prominent mating behaviors during
the breeding period, including pursuing females and adjusting its hunting approach. GAO technique
effectively captures the cognitive processes involved its natural behaviors through mathematical
modeling. The Green anacondas represent the members of the proposed GOA, which is a population-
based metaheuristic algorithm. Each green anaconda in the search space represents a potential
solution for the issue. Each green anaconda can be represented as a vector, and the populations can
be represented as a matrix.

X=[X;;0; X505 Xy =X X X DO 0005 Xigeer XKoo X s OO0 05 Xngeer Xy Xl (14)

Before running the algorithm, the starting location of each green anaconda within the search space is
randomly generated.x, ,=lb,+1, ;s (ublby), i=1,2,.......N and d=1,2,...... m

where X is a matrix of population of GAO, Xi denotes the green anaconda in the i position, x,,
denotes the d™ dimension of search area, N denotes total count of green anacondas, amount of
decision variables is denoted by m, r,, are randomly chosen numbers from 0 to 1, and lb,, ub, denotes
the lower and upper limit of the d™ decision variable. Use recommended values to assess the
objective function. According to the equation below, a vector may be used to mathematically describe
this collection of determined values for the goal function.

F=[F1 HIF Fi; U; FN]=[F(X|) ;U F(X,) ;U F(x\,)] (15)
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In Eq. (15) Where, F is the estimated target function’s vector, F, is the target function that was
computed using the i green anaconda. The green anaconda positions are updated each iteration,
with the best candidate solution chosen by comparing objective function values.

Mathematical representation

Phase 1: Breeding period (Exploration)

The female species emit pheromones for male species to identify during breeding period. This tactic
causes significant shifts in their places, showcasing the GAO'’s exploratory capabilities in precise
problem-solving and worldwide search. The design assumes that female species with better objective
function values are considered for each of them,

CFL'={X, : F,<F, and k#i} (16)

In Eq. (16) Where, i =1,2,.....,N and k,€{1,2,...,N} Here CFL'is the set of location of females in the i"
big anaconda and the value k, represents the location in the objective function vector of the
component with the highest objective function value and row number in the GAO population matrix.

The equation that is used to determine the likelihood of pheromone concentration for each species of
matter that a GAO member represents.

PC/'=(CFF,-CFF,,)/(S,.,"(CFF,-CFF,,)) , i=1,2,....,.N and j=1,2,.....n, (17)

Here, PC/'is the i" green anaconda’s j" female’s pheromone concentration probability, CFF' is the
vector representing the set of objective functions of the i" big anaconda candidate female, CFFji is its
j™ value, CFF,_..' is its maximum value, and ni is the number of candidate females. The GAO design
assumes a big anaconda randomly selects a material. The candidate girls’ cumulative probability is
calculated,

C/=PC'+C,, , where i=1,2,.....,N, j=1,2,.....,m and Co¢'=0 (18)

vy 7
and the selected species is determined using the equation,
SF'=CFL, : CFL,,'<r;;<C; (19)

where SF' is the chosen female for the i" big anaconda, Cji is the function of cumulative probability of
j™ female, and A random number named r has a normal distribution and a range of 0 to 1. Eq. (20) is
used to determine a random position for the chosen female species. If the objective function value
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improves, the green anaconda’s position is updated.
Xi:dP1=Xi:d+ri,d.(SFdi-Ii,d.Xi,d)l i=112i'”-lN and d=1,2, ...... ), m. (20)
X={X", F'<F,; X, else (21)

Where, x,," is the d" dimension, F"! is the function value of the target, r,, are randomly chosen
numbers from 0 to 1. SF,' denotes the i" green anaconda’s chosen female’s d" dimension. I, ; are
random numbers from the set {1,2}, [ is the total count of big anacondas, and [J gives the count of
decision variables.
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Figure 8: Flowchart of GAO

Phase 2: Hunting tactics (Exploitation)

Big anacondas are underwater predators that ambush and wait for prey. They attack, surround,
suffocate, and swallow prey. In the second phase of GAO, population members’ positions are updated
based on their hunting strategy. This exploitation allows for better solutions near discovered
solutions. To simulate this, random positions are generated near each anaconda, and if the objective
function value improves, the location is updated.

Random position is generated using the equation,

Xiq =%;4+(1-2, ) (ubslby)/(1), i=1,2,.....,N, d=1,2,......,m, and t=1,2,....,T (22)
Position is updated as,

X={X", F”<F,; X, else (23)

where X denotes the second phase’s updated position for the i" green anaconda, x,,” is its [Jth
dimension, F,” is its target function value, [] gives the count of iteration, and [J is the maximum
number of algorithm iterations.

Darts game optimizer

Anyone may enjoy the sport of darts, regardless of age or gender. Despite the apparent simplicity of
the game, the players’ talent has a significant impact on the point total. This game may seem simple
but the players should be skilled in points collection. This game includes properties like dartboards
and darts. Each throw is scored by allocating 50 and 25 points to the inner and outer bulls,
respectively. Each sector’s score is shown above it. The score is quadrupled if the darts land in the
inner narrow ring and doubled if they land in the outer narrow ring. The fact that the dartboard’s
Centre is the fifth-highest scoring location in the game is significant. The potential of the darts game
is used to create and launch a novel optimizer in the darts game optimizer. Players in this game are
searcher agents from DGO, and their objective is to achieve the highest possible.

Mathematical model

A matrix is used to represent the population of players, with each row denoting a single individual and
each column denoting that player’s many traits. This matrix’s number of columns really corresponds
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to the number of issue variables and the recommended values for those variables.
X=[X,; 0 X 05 X% exex™ 00000 % xbex™; 000005 X' oo X' X411 (24)

Here, m is the total count of variables, N is the number of players, X is the matrix of players, and x is
the ith participant’s d-th dimension. Useful data is collected by putting Xi in the function of fithess and
is displayed in the following equations,

F,=min(fit),, (25)
X,=X(location ofmin((fit)), 1[Jm)
F,=max(fit),, (26)
X,=X(location ofmax((fit)), 1[Jm)
F'=(fit-F,)/(3,., " ((fit-F,))) (27)
P,=(F")/(max(F")) (28)

Here, the best and worst fithess values are denoted using F, and F,, respectively. Simultaneously,
best and worst variables are given as X, and X,,.. F" is the normalize fitness function and P, gives the
probability of i participant.

Dartboard includes 82 distinct scoring zones. In each round, each player may throw three darts. There
are two things that affect where the darts land on the dartboard: player luck and ability. On the
dartboard, there are six distinct sorts of sectors with various areas.

Sector Range of angle (8 in degree) Area (in mm?)
Inside bull 0 to 360 506.707
Outside bull 0 to 360 2.67x10°
Single score area inside 0to 18 910.11

Single score area outside 0to18 5.3535x10°
Double ring 0to 18 556.69

Triple ring 0to 18 278.97

Table 1: Specification of dartboard sectors
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The above table 1 gives the angle and areas for each sector of the dartboard. The inner diameter of
double and triple ring is 8 mm. The inner diameter of inside bull is 12.7 mm and outside bull is 31.8
mm. From the center bull, the outside edge of bull is 107 mm. The overall dartboard diameter is 451
mm. Consequently, each player’s throwing score is modelled and computed in the below equations,

C,=round(82x(1-P,)) (29)

SC;={S(1[JC), rand<P; ; S(C+1[]82), else (30)
s;=SC,(k)&1<k=82 (31)

5= (Sinrow=r (8°"))/(180) (32)

Where, SC, is the score of players i, S is the matrix of scores from high to low, s, denotes the point
scored by player i at each throw, and the normalised score of players i is s;,". Last but not least, the
values of the issue variables are changed using the new status of each participant.

X;=X,+rand(1,m)x(X,-3s,"X,) (33)

The proposed DGO algorithm can solve optimization problems with 50 players and 1000 repetitions as
a stop condition. Each player represents an m-member vector representing a suggested answer to the
problem, with the variables evaluated by placing them in the objective function.

The steps in darts game optimization algorithm are picturized below. This optimization algorithm is
easily understandable and implemented. It can be used on many optimization problems like, single-
objective and multi-objective optimization, as well as continuous and discrete optimization tasks.
Unlike traditional optimization algorithms that rely on populations of solutions, Darts Game
Optimization operates with a single solution, simplifying the algorithm’s management and control. In
summary, the Darts Game Optimization Algorithm offers simplicity, versatility, global search
capabilities, and other advantages that make it a promising approach for solving a wide range of
optimization problems efficiently and effectively.
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Figure 9: Steps in DGO algorithm

Result And Discussion

The framework combines sensor fusion, deep learning, SLAM and reinforcement learning. The
classification statistics below are reproduced as reported, but no common confusion matrix, labeled
task definition or navigation benchmark is supplied. Sensitivity and recall differ, and the reported
false-positive and false-negative rates do not complement specificity and sensitivity. These values
cannot establish trajectory accuracy, collision avoidance or superiority in deployed robot navigation.
The D2D power-control example in the ANN section illustrates a separate application; its mapping to
robot localization is not specified.

Experimental Setup

In this research, the proposed model is implemented in MATLAB to get the best accuracy, with the
metrics like sensitivity, specificity, accuracy, Precision, F1-Score, recall, FNR, FPR, NPV, MCC.

Overall performance of the proposed model

Table 3 reports sensitivity 0.999, specificity 0.987, accuracy 0.99, precision 0.996, recall 0.9707, F-
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measure 0.964, NPV 0.985, FPR 0.005, FNR 0.028 and MCC 0.931 for RL-DLT-SLAM. These are the
manuscript’s reported values. The comparison includes CNN, RNN, LSTM, GRU and DNN models, but
the metric inconsistencies and unspecified evaluation task prevent a verified claim of overall
superiority. NPV means negative predictive value, rather than false-predictive value.

Table 3: Overall performance of the proposed model

Sen Spec  Acc Precision Recall =~ FMeasure NPV FPR FNR MCC

Proposed (RL- 0.999 0.987 0.99 0.996 0.9707 0.964 0.985 0.005 0.028 0.931
DLT-SLAM)

CNN 0.992 0976 0.979 0.977 0.966  0.952 0.976 0.013 0.033 0.928
RNN 0.958 0.974 0.979 0.967 0.957  0.949 0.963 0.017 0.039 0.929
LST™M 0.956 0.971 0.961 0.951 0.9391 0.948 0.963 0.018 0.052 0.911
GRU 0.937 0.967 0.95 0.944 0.9343 0.944 0.958 0.02 0.06 0.898
DNN 0.912 0.953 0.937 0.927 0.925 0.911 0.941 0.026 0.066 0.898
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Figure 10: Graphical representation of the performance metrics F-Measure and MCC of the proposed
model

The above figure 10 illustrates the graphical format of the performance metrics F-Measure and MCC of
the proposed model with another comparative model. From this graphical representation it is clear
that the F-Measure and MCC value of the proposed model is higher than the other comparative
models like CNN, RNN, LSTM, GRU, DNN.
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Figure 11: Graphical representation of the performance metrics FPR and FNR of the proposed model

The above Figure 11 illustrates the graphical format of the performance metrics FPR and FNR of the
proposed model with another comparative model. From this graphical representation it is clear that
the FPR and FNR value of the proposed model is lower than the other comparative models like CNN,
RNN, LSTM, GRU, DNN.
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Figure 12: Graphical representation of the performance metrics Recall and NPV of the proposed model

The above Figure 12 illustrates the graphical format of the performance metrics Recall and NPV of the
proposed model with other comparative model. From this graphical representation it is clear that the
Recall and NPV value of the proposed model is higher than the other comparative models like CNN,
RNN, LSTM, GRU, DNN.
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Figure 13: Graphical representation of the performance metrics Accuracy and precision of the
proposed model

The above Figure 13 illustrates the graphical format of the performance metrics accuracy and
precision of the proposed model with another comparative model. From this graphical representation
it is clear that the Accuracy and precision value of the proposed model is higher than the other
comparative models like CNN, RNN, LSTM, GRU, DNN.
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Figure 14: Graphical representation of the performance metrics Sensitivity and Specificity of the
proposed model

The above Figure 14 illustrates the graphical format of the performance metrics Sensitivity and
Specificity of the proposed model with another comparative model. From this graphical representation
it is clear that the Sensitivity and specificity value of the proposed model is higher than the other
comparative models like CNN, RNN, LSTM, GRU, DNN.

Conclusion

In conclusion, our proposed methodology represents a holistic and cutting-edge approach to
autonomous robotics. We start by meticulously gathering data from a diverse array of sensors,
ensuring a rich and comprehensive understanding of the robot’s environment. This data is then
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subjected to a sophisticated feature extraction process, employing Convolutional Neural Networks
(CNNs) for spatial analysis and Recurrent Neural Networks (RNNs), specifically Long Short-Term
Memory (LSTM) networks, for temporal context capture. The integration of these features is
accomplished through weight-based fusion, allowing us to harmonize information from different
sensors effectively. We then elevate the capabilities of our robots through the implementation of
Deep Learning-SLAM, enhancing mapping and localization with optimized neural networks.
Furthermore, the fusion of Kalman filtering and neural networks significantly refines attitude
estimation and pose accuracy. Our path planning and control strategy introduce reinforcement
learning-based policies that leverage SLAM-derived maps and real-time pose data for precise and
adaptable navigation. Finally, we employ hybrid optimization algorithms that bridge traditional
optimization methods with reinforcement learning, enabling the robot to autonomously plan collision-
free paths in dynamic and complex environments. This comprehensive methodology equips our
autonomous robots with the intelligence and adaptability required to navigate, perceive, and interact
with their surroundings, ushering in a new era of advanced and versatile robotic systems.
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