International Journal of
Engineering Research and Scienceg:

www.ijerst.com

Email: editor@ijerst.com or editor.ijerst@gmail.com




Int. J. Eng. Res. & Sci. & Tech. 2018 ::"lﬁ—’_‘;j International Journal of Engineering Research and Science & Technology

ISSN 2319-5991 www.ijerst.com
Vol. 14, Issue 2, 2018

Intelligent Sensor Fusion in IoT-Driven Robotics for Enhanced
Precision and Adaptability

'Rajya Lakshmi Gudivaka
Jawaharlal Nehru Technological University Kakinada, Andhra Pradesh, India
rlakshmigudivaka@gmail.com

’R. Mekala
Sri Ranganathar Institute of Engineering and Technology
Coimbatore, India.
mail2dr.mekala@gmail.com

Abstract

Speedy evolution of Internet of Things in robotics has mandated the creation of intelligent sensor fusion methods
to ensure better precision and responsiveness. [oT integration with cloud and edge computing has become pivotal
for decision-making and processing in real time as robotics and automation are advancing. This paper examines
how sensor fusion based on artificial intelligence make robotic systems more efficient, reliable and fault-tolerant.
Convergence of Al and IoT not only enhances automation but also enables perfect communication between smart
devices and the surrounding environment. This proposes new framework combining multi-sensor data fusion with
state-of-the-art machine learning techniques such as Kalman filtering, Bayesian networks and LSTM for time-
based analysis. Methodology enhances fault tolerance, decreases latency and optimizes execution of control
through MRAC. Cloud and edge computing enabled by IoT provide real-time processing of data and feedback
loops to ensure uncompromised performance. Performance is tested based on critical parameters like RMSE and
MSE which prove to be much improved in terms of accuracy and efficiency. Comparative study identifies
advantage of hybrid fusion over conventional ones with accuracy of 98.8 percent followed by deep learning fusion
and Kalman filtering at 90.2 and 85.4 percentage respectively. Outcome identifies strength of intelligent sensor
fusion in loT-enabled robotics as a scalable and robust solution for real-world scenarios.

Keywords: IoT, Sensor Fusion, Robotics, Edge Computing, Cloud Computing and Kalman Filtering.
1. Introduction

Use of intelligent sensor fusion in loT-powered robots is critical for improving accuracy and flexibility in dynamic
contexts [1]. Robotics applications like healthcare, autonomous cars and smart manufacturing need precise and
context-aware decision making [2]. Traditional single sensor systems produce unreliable data owing to noise,
environmental disturbances and sensor limits [3]. Intelligent sensor fusion integrates multi-modal data to improve
perception, contextual awareness and decision making [4]. Robots use IoT connectivity to interpret and share
information from sensors allowing for seamless collaboration and efficient operations [5]. This strategy
considerably improves resilience and flexibility of robotic systems [6]. Merging of diverse sensors reduces
uncertainty and increases task execution accuracy. A well-designed intelligent sensor fusion framework is critical
for developing high-performance robotic applications in IoT contexts [7]. Several existing approaches for sensor
fusion in robotics have been investigated including Kalman Filters, Particle Filters, Fuzzy Logic-Based Fusion
and Deep Learning-Based Fusion [8]. Kalman Filters are commonly employed for sensor data integration however
they struggle with nonlinear and non-Gaussian data [9]. Particle filters are good at controlling nonlinearities but
computationally costly rendering them unsuitable for real-time IoT applications [10]. Fuzzy Logic-based Fusion
is adaptable but not scalable in complicated contexts [11]. Deep Learning-based fusion approaches increase
feature extraction but they need significant computer resources and training datasets [12]. Dempster-Shafer
Theory is utilized for decision-level fusion but has considerable computational difficulties and conflict resolution
problems [13].

1.1 Problem Statement

Conventional sensor fusion techniques like KF and PF face real-time computation limitations and suitability to
nonlinear and uncertain data [14]. KF works under Gaussian distributions of noise and is not fully effective in
extremely dynamic IoT contexts. PF have good performance on nonlinearity but is very computationally
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expensive and hence unrealistic for real-time robotics [15]. Fuzzy Logic-based Fusion provides adaptability but
fails to scale up and is ineffective with high dimensional complex sensor data. Deep Learning-based Fusion
techniques improve feature extraction but are computationally intensive and need large amounts of labeled data
making them unsuitable for edge-based IoT robotics [16].

Objective

v Study sensor fusion methods in IoT-based robotics to determine advantages and limitations.

v' Assess performance of Al-based approaches like Kalman filtering, Bayesian networks and LSTM for
multi-sensor data fusion.

v Create highly efficient sensor fusion framework incorporating IoT and cloud computing for decision
making.

v' Test proposed hybrid model and compare it with conventional methods based on primary performance
indicators.

2. Literature Survey

[17] discussed how pre-trained language models and evolutionary algorithms are used to improve test generation
with the potential of Al-optimized optimization in robotics for adaptive decision making and real-time testing.
[18] underscored the importance of post-marketing surveillance of Al-driven medical devices with an example of
how risk-based monitoring along with clinical follow-ups improve reliability in sensor-based IoT robotics applied
in healthcare. [19] explored big data analytics in e-commerce suggesting bottom-up product mapping procedure
with TF-IDF which can be extended to sensor fusion models of IoT robotics for data-driven decision-making
optimization. [20] concentrated on artificial neural networks for real-time electric traction simulation to illustrate
how electro-thermal modeling enhances adaptive control approaches, pertinent to robotic applications that require
precision. [21] proposed mobile network big data framework that incorporated DBSCAN anomaly detection and
this aligns with improving sensor fusion adaptability in dynamic robot environments. [22] proposed real-time
malware detection approach based on adaptive gradient SVM, LSTM and HMM highlighting the promise of
hybrid models in securing loT-based robot systems from cyber attacks.

used backpropagation neural networks and GANs to improve millimeter-wave networks providing insights into
communication efficiency improvement of loT-driven robotics. [23] analyzed high-performance cloud computing
for earthquake emergency command systems illustrating necessity of real-time data fusion in disaster-response
robotics. [24] optimized software development for cloud environments suggesting formal QoS and deployment
verification methods that are necessary to guarantee reliability of Al-driven robotics. [25] researched blockchain
integration into database management systems for secure accounting which falls under the area of improving data
integrity in sensor fusion applications.

3. Methodology

Intelligent sensor fusion framework for IoT-driven robots, with improved accuracy and flexibility. Figure 1 starts
with multi-sensor data input in which multiple IoT sensors gather environmental data. Preprocessing and noise
filtering stage uses Kalman and Particle Filters to refine sensor data and enhance tracking. Bayesian Networks
handle probability fusion during sensor data fusion stage whereas LSTMs investigate temporal relationships for
improved decision-making. Model Reference Adaptive Control is used to dynamically adapt robotic operations in
control and execution phase. IoT cloud and edge computing provide real-time data processing, storage and
feedback loops which ensure system optimization. Performance evaluation process evaluates system accuracy
using measures such as RMSE and MSE modifying robotic responses to achieve high precision and dependability.
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Figure 1: Architecture of Intelligent sensor fusion framework for IoT-driven robots
3.1 Multi-Sensor Data Input

This block combines input from several sensors like cameras, LIDAR, radar and IMUs. Having several sensors
improves perception in robotics by compensating for each sensor's limitations. Multi-sensor data fusion in [oT
robots reduces redundancy, increases accuracy, and enables real-time decision-making. Data collected have
varying sample rates and noise levels requiring preprocessing before it can be used efficiently in fusion models.
Integration framework has to align and synchronize these measurements for correct processing.

Zk = {Z’%’Z}%‘."’Z}T;} (1)
3.2 Preprocessing and Noise Filtering

Noise filtering and preprocessing are essential to providing clean and trustworthy sensor data. Kalman Filter has
general use in sensor fusion because of its optimal recursive estimation characteristics. It provides an estimate of
the state of a dynamic system based on noisy observations which makes it suitable for use in real time. Particle
Filter tracks non-linear and non-Gaussian models as a supplement to the Kalman Filter where needed.

Rrik—1 = FiXp_qje—1 + Bruy 2
Pyie—1 = FPy_qe—1Fi + Qk 3)
3.3 Sensor Data Fusion Models

Bayesian Networks and Long Short-Term Memory networks are utilized for probabilistic data fusion and temporal
analysis. Bayesian Networks represent probabilistic relationships among sensor data sources, managing
uncertainty well. LSTMs are appropriate for time-series analysis, modeling temporal dependencies in sensor
streams.

P(ZIX)P(X)
PX12) === “)

Long Short-Term Memory networks improve sensor fusion by detecting temporal relationships in multi-sensor
data streams resulting in greater accuracy and flexibility. Traditional recurrent neural networks have diminishing
gradients restricting their capacity to remember long-term dependencies. LSTMs address this via gated processes
including forget, input and output gates.

Forget gate, f; = O’(Wf Nhe—1, xe] + bf) (5)
Input gate, iy = o(W; - [he_y, %] + by) ©)
Cell state update, C, = f; - Co_q + iy - C; @)
Output gate, 0, = c(W, - [hy_q, x:] + b,) ®)
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Hidden state update, h; = o, - tanh(C,) )

3.4 Control and Execution

In robotics based on IoT, Execution and Control comprise adaptive control mechanisms to provide accuracy and
real-time adaptability in changing environments. Commonly employed techniques is Model Reference Adaptive
Control where control parameters are constantly adjusted by reference model to reduce errors due to sensor fusion
uncertainties. MRAC structure is comprised of reference model that describes target system behavior and adaptive
controller that adjusts control inputs to approximate this behavior. Adaptation law is expressed as

0 = —veym (10)
W = —fey (11)

Where e is difference between system output and reference output while y, § are adaptation gains. This guarantees
that robotic actuators react to different sensor inputs for increasing motion control and task performance accuracy.
loT-based edge and cloud computing facilitate effective control feedback loops through offloading
computationally expensive tasks to further enhance execution. Edge computing facilitates real-time control
choices through processing sensor fusion locally to minimize latency with cloud computing dealing with long-
term model upgrade and system optimization. Control law in an adaptive loT-controlled robot system is as follows:

u=—-Kx+w (12)

By embedding MRAC within IoT-based feedback loops, robotic systems attain real-time adaptability, self-
learning modes and improved precision enabling them to be ideally suited for use in autonomous navigation,
industrial automation and smart healthcare robotics.

3.5 IoT Cloud and Edge Computing

Cloud and edge computing handles enormous volumes of sensor data making decisions and optimizing system
flexibility. Edge computing processes sensor data on embedded devices or gateways by reducing latency and
enabling quicker responses to environmental changes. This is important in robotics where real-time input is
required for tasks like tracking things, obstacle avoidance and directing motion. Edge layer does preliminary data
filtering, compression and analytics which reduces computational strain on cloud systems.

x(t+1) = f(x(@®),ut),d®) (13)

Cloud computing layer offers powerful storage, deep learning training for models, and enhanced analytics to
robotic systems. Machine learning models for sensor fusion, predictive maintenance and problem detection are
taught in cloud and regularly updated on edge devices. Cloud also enables collaborative instruction, in which
numerous robots exchange ideas therefore increasing total efficiency and flexibility. Combination of edge and
cloud computing in IoT-driven robotics improves system intelligence, scalability, and resilience making it ideal
for autonomous cars, industrial automation and healthcare robots.

J= Z{:o c(xp,uy) (14)
3.6 Performance Evaluation

Mean Squared Error is a core measure applied in the performance assessment of IoT-based robotics especially
sensor fusion and control precision measurements. It measures average squared difference between true and
predicted values and is highly responsive to large errors.

RMSE = VMSE (15)

Root Mean Squared Error offers an interpretable estimate of the average error in the same unit as original data.
RMSE is commonly applied in IoT-based robotics to assess accuracy of sensor fusion models, fault detection and
adaptive control systems. Since RMSE more severely penalizes big errors compared to small ones suitable for
those applications where precision matters a lot including autonomous navigation, robot manipulation and
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predictive maintenance. smaller RMSE indicates extremely precise sensor fusion and improved system flexibility,
thus serving as principal metric when measuring loT-led robotic systems.

1 A
MSE =<3 (v = 9))? (16)

4. Result and Discussion
4.1 Dataset Description

Advanced Processing of Signals Dataset from Next-Generation Al Sensor is a high-fidelity Kaggle dataset
containing multi-sensor data for advanced signal processing applications. It includes excellent quality data from
radar detectors, LIDAR, IMU, sonar and infrared detectors making it ideal for IoT powered robots and intelligent
sensor fusion. It comprises Al-processed results for tasks including real-time object identification, localization
and dynamic environment adaption which are critical for autonomous robots. It also provides operations logs,
environmental context (weather, topography, and interference) and time-series data for historical study allowing
for better sensor fusion tactics. This dataset is especially useful for deep learning, neural networks and hybrid
fusion models which will aid research in autonomous robots, adaptive sensor insertion and precision-driven
decision-making in real-world contexts.

4.2 Performance Analysis of Proposed Work

Fault tolerance rate about the amount of sensor failures within loT-based robotic system is depicted in Figure 2.
Fault tolerance rate in units on the y-axis decreases as number of sensor failures (x-axis) increases. System is at
complete tolerance (1.0) at no failures but as sensor failures are incurred, robustness of system is curtailed
precipitously. Magenta dashed line with squares traces this autumn shows sharp decline from 0 to 1 failure and
rising slope to nearly zero tolerance for 5 failures. This demonstrates that system relies heavily on multiple sensors
for accuracy and as failures mount, its compensation for lost information decreases.

Fault Tolerance Rate vs. Sensor Failures
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Figure 2: Fault Tolerance Rate vs. Sensor Failures

Bar graph Figure 3 provides comparison between latency of various sensor fusion in IoT-based robotic system.
KF is somewhat low in terms of latency, whereas Particle Filter has most latency because it is computationally
intensive. Deep Learning-based Fusion falls in between because it needs quite high processing capabilities for
real-time inference. Hybrid approach uses more than one method has lowest latency reflecting maximal balance
between computation efficiency and precision. This study notes that although PF is highly accurate, it is perhaps
less able to serve for real-time purposes while hybrid approaches present encouraging compromise for robotics
under IoT.
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Latency vs. Fusion Method
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Figure 3: Latency vs. Fusion Method

ROC curve Figure 4 assesses accuracy of classification model by graphing true positive rate against FPR. Orange
curve illustrates good-performing model remains near top-left corner reflecting high sensitivity and specificity.
AUC is 0.984 which indicates outstanding classification precision. Model is very good at differentiating classes
with low false positives. Perfect classifier has AUC of 1.0 and as 0.984 is extremely close to 1 model employed
for sensor fusion, fault detection or anomaly categorization in IoT-based robotics is extremely trustworthy.
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Figure 4: ROC Curve

RMSE versus Time chart Figure 5 demonstrates trending decrease in RMSE as time progresses, meaning that
accuracy of system prediction increases when more data are being processed. RMSE starts high (~0.8) but
gradually drops approaching zero at 10 seconds and this implies proper sensor fusion as well as learning
adaptation. This suggests that loT-based robotic system improves its predictions with time because of ongoing
updates in sensor data fusion, noise removal and ML algorithms. Decreased RMSE at subsequent stages verifies
enhanced accuracy and system stability for real-time applications.

RMSE vs. Time
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Figure 5: RMSE vs. Time for Prediction Accuracy
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Accuracy of various sensor fusion techniques are compared in Figure 6. KF is 85.4% accurate reflecting its
robustness in state estimation but with some limitations. DL Fusion enhances accuracy to 90.2% utilizing
sophisticated pattern recognition but at increased computational cost. Hybrid Fusion approach beats both with
98.8% accuracy integrating best of conventional filtering and deep learning to increase robustness and flexibility.
This emphasizes that hybrid methods are best suited for high precision in robotics sensor fusion. Table 1 gives the
accuracy comparison values.

100.0 Accuracy Comparison of Sensor Fusion Methods

97.51

95.0

92.51

Accuracy (%)

Kalman Filter Deep Learning Fusion Hybrid Fusion
Methods

Figure 6: Accuracy Comparison of Sensor Fusion Methods

Table 1: Accuracy Comparison of Different Models

Method Kalman Filter Deep Learning Fusion Hybrid Fusion
(Proposed)
Accuracy (%) 85.4% 90.2% 98.8%

5. Conclusion and Future Enhancement

Intelligent sensor fusion platform for IoT-based robotics incorporate advanced filtering and machine learning
techniques. They increased precision, fault tolerance and flexibility. Incorporation of IoT, Al and cloud-edge
computing is transforming robotic automation by improving decision-making and responsiveness. Comparative
examination of fusion methodologies suggests that hybrid fusion performs better than deep learning-based fusion
and traditional Kalman filtering methods with accuracy of 98.8 percent as opposed to 90.2 and 85.4 percent for
deep learning fusion and Kalman filtering. Other conventional methods like rule-based sensor fusion, weighted
averaging and standard thresholding methods have been extensively applied but tend to lack accuracy and take
longer to adapt. Conventional probabilistic models including Hidden Markov Models and Particle Filters provide
strong estimations but are not real time efficient. Combination of IoT cloud and edge computing further supports
real-time processing efficiency providing effective control execution. Performance measures confirm strength of
proposed method showing lower error rates and enhanced accuracy. Future work aim to generalize multi-robot
systems and investigate quantum-resistant cryptographic methods to further enhance IoT-based robotic security..
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