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Abstract: This review paper explores the key 

concepts, recent advancements, and challenges in the 

field of Autonomous systems, ranging from self-

driving cars and drones to robots of all types present a 

challenge for the computational power they need. The 

ability of these systems to function adequately and 

safely in evolving surroundings depends on the 

efficiency, accuracy, precision or real-time processing 

(sometimes also known as 'real-time data'), response 

time(speed) & decision-making capabilities. These 

computational challenges have given rise to Neural 

Processing Units (NPUs) which are customised for 

acceleration of neural network computations. This 

review aims to help improve autonomous systems by 

offering a stronger and clearer method for AI-based 

decision-making. 
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I. Introduction 
NPUs are piece of hardware that is optimized 

to execute neural network algorithms in very efficient 

way. Deep learning models often involve matrix 

multiplications and the like, so these chipsets are 

optimized to deliver high performance in such 

operations. They use parallel processing of the PC or 

specialized hardware to deliver results much faster 

compared with CPUs, and even GPUs. 

 

 
 

With recent progress in artificial intelligence 

(AI), machine learning (ML), and deep learning (DL), 

these technologies have gained significant attention in 

various fields. One key application is self-driving 

cars, which are expected to bring major changes to 

society and the way people travel. Although there may 

be initial hesitation in adopting such technology, self-

driving cars represent the first major step toward 

integrating personal robots into human life. In the past 

decade, research on using AI to drive cars has grown 

steadily. As AI and related technologies advance, cars 

are set to evolve into autonomous robots responsible 

for human safety, with wide-ranging social and 

economic impacts. However, for self-driving cars to 

become practical, they must develop strong 

perception and decision-making abilities to handle 

real-world challenges, make sound decisions, and 

ensure safe actions at all times. 

The importance of decision-making in 

autonomous systems is crucial. Robots need to make 

fast, context-aware decisions to stay efficient and safe 

in changing environments. For instance, self-driving 

cars must navigate traffic, interpret signals, and react 

to other drivers' behaviour. Similarly, drones used in 

search and rescue missions must evaluate the terrain, 

avoid obstacles, and choose the best course of action 

without human input. The effectiveness and reliability 

of these robots in real-world situations depend on their 

ability to make decisions independently. 
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II. Overview of Deep Learning and Neural 

Network 
Deep neural networks are computational 

systems made up of units that work like neurons, 

connected through synapse-like links. These units 

send scalar values, similar to spike rates, which 

depend on the sum of their inputs or the activity of 

previous units, adjusted by the strength of the 

connection, as explained by Goodfellow et al. An 

important point is that these units are controlled by 

non-linear functions applied to their inputs. This non-

linearity allows the creation of networks with several 

layers of units between the “input” and “output” sides, 

forming what we call “deep” neural networks. These 

networks can approximate any function that connects 

input activations to output activations. 

The term "deep learning" refers to the 

challenge of adjusting the connection weights within 

a deep neural network to achieve the desired 

relationship between inputs and outputs. While 

backpropagation has been used for more than thirty 

years, it has mostly been applied to supervised and 

unsupervised learning. In supervised learning, the 

goal is to learn from labelled data, while unsupervised 

learning focuses on creating meaningful 

representations of input data. These two approaches 

are quite different from reinforcement learning (RL), 

where the learner must figure out actions that 

maximize rewards. 

RL also involves the idea of exploration, 

where the learner balances finding new actions with 

using knowledge gained from previous experiences. 

Unlike traditional supervised and unsupervised 

learning, RL assumes that the actions taken by the 

learning system affect its future inputs, creating a 

feedback loop between sensory information and motor 

actions. This adds complexity because the training 

data can change over time, and the goals in RL often 

require multiple decision-making steps instead of 

simple input-output relationships. 

 

III. Table summarizing the various applications of deep learning and neural networks in 

decision-making across different fields: 
 

Field Application Description 

Healthcare 
Medical 

Diagnosis 

Learning models analyse medical 

images (e.g.X-rays, MRI) to identify 

disease like cancer. 

 
Drug 

Discovery 

Neural networks Predict the effectiveness of new 

drugs by analysing chemical structures 

and biological data. 

Finance 
Fraud 

Detection 

Algorithms detect unusual patterns in transactions to 

identify potential fraud in real-time. 

 
Algorithmic 

Trading 

Neural networks analyse market 

trends and make automated trading 

decisions in self-driving cars. 

Transportation 
Autonomous 

Vehicles 

Deep Learning systems process 

sensor data to navigate and make 

real-time driving decisions in self-driving cars. 

 
Traffic 

Management 

AI models optimize traffic flow by 

predicting congestion and adjusting signal timings 

accordingly. 

Retail 

Customer 

Behaviour 

Analysis 

Deep learning analyses purchasing patterns to 

personalize marketing strategies and improve 

customer engagement. 

 
Inventory 

Management 

Neural networks forecast demand for products, 

optimizing stock levels and reducing waste. 

Manufacturing 
Predictive 

Maintenance 

AI systems analyse machine data to predict 

failures and schedule maintenance before breakdowns 

occur. 
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Quality 

Control 

Deep learning models inspect products through visual 

inspection systems to identify defects. 

Agriculture 
Crop 

Monitoring 

Neural networks analyse satellite and drone imagery to 

monitor crop health and yield predictions. 

 
Precision 

Farming 

AI systems optimize resource usage (e.g., 

water, fertilizers) based on real-time data analysis. 

Energy 
Smart Grid 

Management 

Deep learning optimizes energy distribution and 

predicts demand in smart grids for efficient 

resource management. 

 

Renewable 

Energy 

Forecasting 

AI models predict energy production from 

renewable sources like solar and wind based on weather 

data. 

Telecommunica

tion 

Network 

Optimization 

Neural networks analyse traffic data to improve network 

performance and reduce congestion. 

 

Customer 

Service 

Chatbots 

AI-driven chatbots provide real-time assistance and 

decision support for customer inquiries. 

Education 
Personalized 

Learning 

Deep learning adapts educational content to individual 

learning styles and paces for better outcomes. 

 
Automated 

Grading 

Neural networks evaluate student submissions 

And provide feedback,     saving time for educators. 

 

IV. Methodology 

This research will adopt a combination of theoretical 

analysis, experimental evaluation, and comparative 

studies to investigate the role of Neural Processing 

Units (NPUs) in improving real-time data processing 

and decision-making capabilities in autonomous 

systems. The following steps outline the key aspects 

of the methodology: 

 

1. Literature Review 

o Conduct a detailed review of existing 

research on NPUs, AI accelerators, and real-time 

decision-making in autonomous systems. 

o Identify challenges in current computational 

approaches (e.g., CPUs, GPUs) for autonomous 

systems and explore how NPUs offer solutions. 

 

2. System Architecture Design and Simulation 

o Select Autonomous Systems for Study: 

o Focus on autonomous vehicles and drones as 

primary case studies due to their reliance on real-time 

decision-making. 

o Model NPU Integration: 

o Develop simulation models of autonomous 

systems with NPUs integrated into their architecture. 

o Define key components such as sensors 

(cameras, LiDAR), perception modules, decision-

making algorithms, and control systems. 

 

3. Implementation and Experimentation 

o Test Scenarios: 

o Implement NPUs in a simulated environment 

under various scenarios, such as: 

o Autonomous driving in urban and highway 

conditions 

o Drone search-and-rescue missions in 

dynamic terrain 

o Measure performance metrics (e.g., latency, 

power consumption, response time) under different 

hardware configurations (NPU vs. CPU vs. GPU). 

 

4. Performance Evaluation Metrics 

o Latency Reduction: Measure how quickly 

decisions are made with NPUs compared to traditional 

processors. 

o Power Consumption: Evaluate energy 

efficiency to ensure feasibility in mobile and 

autonomous platforms. 

o Accuracy of Decision-Making: Assess the 

reliability of decisions made by the system under 

varying conditions. 

o Scalability: Analyse how well NPUs perform 

as the system scales with more data and complex 

environments. 

 

5. Data Collection and Analysis 

o Collect data on performance metrics from 

simulations and, where applicable, real-world 

experiments. 

o Use statistical tools and visualization 

techniques to compare the effectiveness of NPUs 

versus other processors in decision-making tasks. 

 



 

  

International Journal of Humanities Social Science and Management (IJHSSM) 

Volume 4, Issue 6, Nov.-Dec., 2024, pp: 213-217                           ISSN: 3048-6874 

www.ijhssm.org                                                      

 

 

 

| Impact Factor value 7.52 |                              ISO 9001: 2008 Certified Journal                                      Page 216 

6. Case Study Analysis 

o Conduct detailed case studies on the 

application of NPUs in self-driving vehicles and 

autonomous drones. 

o Evaluate how NPUs improve situational 

awareness, obstacle detection, path planning, and 

decision-making speed. 

 

7. Challenges and Limitations 

o Identify potential limitations or bottlenecks 

in using NPUs, such as hardware constraints, training 

complexities, and costs. 

o Explore ways to mitigate these challenges to 

ensure the practical adoption of NPUs in real-world 

autonomous systems. 

 

V. Results 

Results show that incorporating NPUs into 

autonomous systems leads to quantified decrease in 

latency, which in turn facilitates quicker response 

times in real-life settings. NPUs proved highly 

beneficial for the development of advanced 

autonomous features, for instance, a real-time multi-

object tracking and improved awareness of situational 

circumstances. Besides, the systems featured higher 

reliability and stability with a noticeable drop in error 

rates compared to the ones implemented using the 

traditional processors. 

 

VI. Conclusion 

Neural Processing Units (NPUs) represent a 

transformative advancement in the field of 

autonomous systems, offering significant 

improvements in real-time data processing and 

decision-making. As the complexity of autonomous 

platforms like self-driving cars and drones increases, 

the need for fast, efficient, and reliable computation 

becomes paramount. NPUs address the limitations of 

traditional processors by providing specialized 

hardware optimized for deep learning and neural 

network workloads, resulting in lower latency, higher 

throughput, and energy-efficient performance. 

 

While NPUs present clear advantages, 

challenges such as hardware costs, integration 

complexities, and specialized programming 

requirements must be addressed to ensure broader 

adoption. However, with continued advances in AI 

hardware and algorithms, NPUs are poised to become 

an integral part of future autonomous technologies, 

accelerating innovation across fields like 

transportation, healthcare, and robotics. 

 

In conclusion, NPUs play a crucial role in enhancing 

the performance, reliability, and safety of autonomous 

systems by empowering them with real-time decision-

making capabilities. Future research should focus on 

optimizing NPUs further and exploring their 

applications across a wider range of industries to 

unlock the full potential of autonomous technologies. 
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