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Abstract: - Advanced Driver-Assistance Systems (ADAS) are changing driver-vehicle interactions to improve road safety and reduce 

distractions. Technological advances like ADAS and AI in cars present societal challenges and opportunities. It shows how AI aids human-

machine communication by improving motor skills. The auto industry is interested in ADAS because it can increase energy efficiency, safety, 

and comfort. Numerous studies have shown its benefits. ADAS and vehicle networking show promise, but establishing a sound control system 

is challenging. Model Predictive Control (MPC) is one answer to these problems. To manage higher-level connectivity and automation, the 

paper analyses and implements key research. It also finds issues and recommends solutions. The latest driverless car ADAS improvements 

have dramatically increased passenger safety. These systems are safer and more automated using sensors and ECUs. Most ADAS have 

RADAR, cameras, ultrasonic, and LiDAR. This work uses AI/ML-enabled Predictive Maintenance modelling to improve ADAS safety and 

longevity. AI and ML in Advanced Driver Assistance Systems (ADAS) are significant vehicle safety and reliability advances. AI/ML-enabled 

predictive maintenance detects and fixes ADAS component faults. ADAS predictive maintenance using AI/ML can detect issues, improve 

driver safety, and boost vehicle efficiency. Advanced sensor arrays and control units are needed for adaptive cruise control, traffic sign 

recognition, and lane-keeping assistance. AI/ML algorithms discover issues and enable early interventions in predictive maintenance models. 

Predictive maintenance is examined utilizing classical machine learning, deep learning, and reinforcement learning. Integration of numerous 

AI/ML models, real-time data processing, customization based on vehicle usage patterns, scalability, and adaptability of predictive 

maintenance models to new ADAS technologies are research gaps.   

Keywords: AI/ML, Predictive Maintenance, Advanced Driver Assistance Systems (ADAS), autonomous driving, Anomaly 

detection, sensor, ADAS Safety, automation. 

I. INTRODUCTION 

Advanced Driver-Assistance devices" (ADASs) refer to a broad category of devices that differ in sophistication, 

functionality, and intended applications. Advanced driver assistance systems' main objectives are safety, comfort, 

and driveability (ADASs). Automated high beam headlights(Musa et al., 2021), road sign recognition(He et al., 

2020; Li & Song, 2014; Magnussen et al., 2020), and alertness and fatigue monitoring systems are a few instances 

of these technologies. The reduction of pollutants and efficient energy use are just two objectives to which 

autonomous driving technology may contribute. The authors' planned investigation mainly focused on this class 

of ADASs, which can be roughly categorized into three main groups: CC, PF, and LK. The vehicle dynamics 

models that are used in these situations differ significantly and are unique to each ADAS that is being examined 

(Abbas & Alsheddy, 2021; Savaş & Becerikli, 2020; Sikander & Anwar, 2019; Zhu et al., 2022). The J3016 

standard, which deals with "Taxonomy and Definitions for Terms Related to Driving Automation Systems for 

On-Road Motor Vehicles," was suggested by the Society of Automotive Engineers (SAE). The fourth revision of 

the standard is now underway. The goal of this standard is to establish a uniform framework for identifying and 

categorizing integrated systems in cars, from totally autonomous to completely human-operated. Using this 

classification to talk about the corporate sector could be beneficial. The authors contend that additional description 

of the study region is necessary. Several factors could lead to the classification of some ADASs as SAE level 2 

or SAE level 5, including system installation, usefulness in one or more driving conditions, and the potential to 

request that the driver take control of the vehicle (SAE International Standards & ISO, 2019; Society for 

Automotive Engineers, 2021). 

Different algorithms can be used to operate the vehicle in order to achieve the different automated methods that 

were previously described. For instance, data from Vehicle-to-Vehicle (V2V) communications is used to 
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manage and rightsize a Battery Electric Vehicle (BEV) using controllers based on dynamic programming. As 

with HEVs, ADAS could use the Equivalent usage Minimization Strategy (ECMS) to control energy usage in 

real time. The ECMS can reduce platoon energy consumption and increase comfort levels. Rule-based and fuzzy 

logic controllers rely heavily on heuristics and human experience. The main disadvantages of rule-based 

algorithms are generally their lack of optimality and calibration effort (Anselma & Belingardi, 2020; Miretti et 

al., 2021; Spano et al., 2021; F. Zhang et al., 2017). Using an if-then-else rule-based approach, the fuzzy 

controller can be used in a CACC framework to maintain the intended reference trajectory in the face of speed 

and distance deviations, as demonstrated. These techniques might also be useful for cooperative merging 

sequence issues, which could enhance safety and traffic flow. For instance, mention that in highway scenarios 

involving networked and autonomous vehicles, the essential metrics to be considered are the total route time 

and the total delay caused by merging. (Cloudin & Komathy, 2013; Ding et al., 2020; Pérez et al., 2013)  

Examples of modern applications of machine learning techniques, especially Reinforcement Learning, include 

the coordination of vehicles in lane selection operations within a multi-lane traffic scenario, the evaluation of 

longitudinal acceleration and lateral lane-changing operations, and the creation of driving trajectories (Guo et 

al., 2021; J. Liu et al., 2022; X. Liu et al., 2020). 

Autonomous vehicles can assess their environment and utilize artificial intelligence (AI) to decide how to drive 

in real-time. In order to evaluate their operating environment and make decisions about how to drive in real-

time, autonomous cars combine input from several sensors (Butt et al., 2022; Saoudi et al., 2023; Yeong et al., 

2021). Depending on the in-car technology and intelligence capabilities, autonomous vehicles currently used on 

road networks have varying degrees of automation. Formerly known as the Society of Automotive Engineers, 

SAE International has created six tiers of autonomous driving(SAE international, 2016; SAE International, 

2021): Level 1 automation retains the driver's complete control over all driving functions, such as steering, 

braking, and accelerating, while Level 0 automation does not exist at all. With Level 2, there is some automation 

and the option to utilize Advanced Driving Assistance Systems (ADAS) for functions like steering, braking, and 

acceleration. Thirdly, there is conditional automation, where cars can do most driving functions and have more 

advanced features like object/obstacle detection. Fourthly, there is high automation, meaning that cars may do 

all driving functions inside a geofenced area. Lastly, there is complete automation, in which cars can perform 

all driving functions in any likely situation without human assistance, as shown in Figure 2. The real-time 

decision-making process of autonomous cars involves several interdependent operational processes. Typically, 

these processes are categorized as perception, localization, planning, or control (Figure 1). Perception, or the 

perception of an operational environment, consists of two processes: extracting the road surface and identifying 

objects on the road (Pendleton et al., 2017). These days, information helpful for perception can be obtained from 

multi-modal data sources such as visible spectrum cameras, ultrasonic sensors, RADAR, and LIDAR (Ahangar 

et al., 2021). An autonomous car can use localization to pinpoint its exact location in the world model that 

sensors have built. The best way to find self-driving automobiles is through satellite navigation systems 

(Elhousni & Huang, 2020). The Global Navigation Satellite System (GNSS), which comprises the famous 

Global Positioning System (GPS), is one instance of such a system (de Miguel et al., 2020). The autonomous 

car maps out its path from its starting point to its final destination as it scans its surroundings and determines its 

precise location. Route planning, which is the process of selecting a route on the road network to get from a 

starting point to an end destination, and behavior planning, which is the process of getting ready for potential 

interactions with other cars and people along a trajectory, are both intricate components of planning (“An 

Extensive Review of Driver Distraction Concerning Advanced Driver Assistance Systems (ADAS) & 

Automated Driving Systems (ADS),” 2023; Ziebinski et al., 2017). Finally, the proper performance of 

predefined activities puts an autonomous vehicle under control and is primarily the job of feedback controllers; 

the ADAS software handles control in most modern autonomous vehicles. These systems interact with external 

sensors to assist the vehicle in staying on a predefined course during the journey. With features like adaptive 

cruise control, anti-lock brakes, collision avoidance, forward collision warning, and lane departure warning, 

encounter advanced driver assistance systems (ADAS) in use on the road these days. Therefore, autonomous 

vehicles can navigate roads without the need for human involvement by merging data from multiple sources 

with algorithms driven by artificial intelligence (ACEA, 2023; Godthelp, 2023; Müller, 2019). 
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Figure 1. An outline of how an autonomous car uses AI to make decisions in its environment (Atakishiyev 

et al., 2021) 

 

Figure 2. SAE Automation Level 

Advanced Driver Assistance System and Autonomous Vehicles 

The potential for autonomous vehicles to increase road traffic's efficiency and capability has resulted in a recent 

spike in public interest in the technology. Controlling driving and parking processes is the responsibility of an 

electronic system called the advanced driver assistance system, or ADAS [32]. An automatic system provided to 

autonomous vehicles by ADAS technology is one of the most significant features of the modern automobile that 

is intended to protect it (Gruyer et al., 2017; Huang et al., 2022; S. Liu et al., 2020). Safety systems are divided 

into two categories: active safety systems and passive safety systems. Seat belts, cushioned dashboards, and 

airbags are a few instances of passive safety devices. These gadgets guard against injury to a car's occupants 

during and after an accident. 

On the other hand, the active system has several capabilities, such as lane keeping, automated braking, and 

adaptive cruise control (Deng & Soffker, 2022; Yu et al., 2022). In order to meet the increasing demand from 

consumers for intelligent safety systems, one of the main objectives for manufacturers is to develop an advanced 

driver assistance system (ADAS). Moreover, modern cars have enough computing power to support ADAS 
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system installation efficiently. This is because more and more electronic control units are being used, and more 

sensors are being combined. Among the sensor types enabling ADAS solutions are LiDAR, RADAR, cameras, 

and ultrasonic sensors. The vision-based adaptive driving assistance system (ADAS) is commonplace in modern 

cars. It typically uses cameras as vision sensors(J. D. Choi & Kim, 2021, 2023; Srivastava et al., 2023; Yahya et 

al., 2020). Figure 3 displays the proposed ADAS taxonomy that is grounded in the model of sensors that are 

utilized. Stereo, infrared, and monocular cameras are only a few of the many configurations that make up the 

vision system. Depending on the technology, the RADAR range could be long, short, or medium. 

 

Figure 3. A classification method for ADASs developed using sensor models 

Advanced Driver Assistance Systems (ADAS) Working 

The term "ADAS" refers to a group of high-tech systems designed to make driving safer. Figure 4 illustrates how 

ADAS functions by utilizing diverse sensors around the vehicle to monitor the surroundings. These sensors are 

capable of detecting various objects, such as other vehicles, pedestrians, and even animals. The collected data is 

then transmitted to a central computer, where it is meticulously analysed to make informed decisions and take 

appropriate actions to aid the driver. The ADAS features depicted in the diagram encompass a wide range of 

functions designed to provide drivers with assistance and mitigate potential risks. Blind spot detection stands out 

by alerting the driver to the presence of a vehicle in their blind spot, significantly reducing the risk of dangerous 

lane changes. Surround-view technology offers the driver a comprehensive 360-degree view of their surroundings, 

aiding in navigating tight spaces and crowded areas. Traffic sign recognition identifies and displays pertinent 

traffic signs directly on the dashboard, ensuring drivers remain informed of speed limits, stop signs, and more. 

Cross-traffic alert becomes invaluable when backing out of parking spaces by warning the driver of approaching 

vehicles from the side. Park assist takes the stress out of parking by autonomously steering the vehicle into a 

parking space. Emergency braking intervenes when a potential collision is detected, automatically applying the 

brakes to reduce or prevent the impact. Pedestrian detection focuses on identifying pedestrians near the vehicle 

and issuing warnings to the driver to prevent accidents. Collision avoidance aids the driver in evading obstacles 
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and steering the vehicle from impending collisions. Adaptive cruise control ensures a safe following distance from 

the vehicle in front, contributing to smoother and safer highway driving. A lane departure warning alerts the driver 

if they start drifting out of their lane, preventing unintended lane changes. A rear collision warning informs the 

driver about potential rear-end collisions, allowing them to react promptly. 

In summary, ADAS represents a crucial advancement in automotive technology, promoting road safety by 

providing drivers with real-time assistance and intervention capabilities. These features help prevent accidents, 

protect lives, and create a safer driving environment for all road users. As technology continues to evolve, ADAS 

systems will become even more advanced, further enhancing the safety and convenience of modern vehicles. 

 

Figure 4. Working with Advance Driver Assistance Systems (ADAS) 

II. RELATED WORK AND RESEARCH GAPS 

An analysis of the proposed methods for implementing C-ADAS and intelligent traffic management systems is 

presented by  (Pathan & Patil, 2017). The authors examine the qualities that are practically attainable and weigh 

the advantages and disadvantages of various approaches.  (Hasenjager et al., 2020) describe the overall conceptual 

framework of personalized ADAS and the human-machine interface (HMI), which can be expected to 

continuously adapt in response to the driver's actions. Provide an outline of the personalization for ADAS. (Marina 

Martinez et al., 2018)  provide an overview of the identification and description of driving styles. They focus a 

lot of their algorithm revisions on machine learning techniques. (Xing et al., 2019) outlines the inference of the 

driver's purpose, focusing mostly on the intention to change highway lanes. Considering the perspectives of 

detecting vehicles, roads, lanes, pedestrians, tiredness, and preventing collisions. (Bila et al., 2017) give a 

summary of the information and communication technology-based support and help services that are available to 

guarantee the security of future linked cars. They provide an overview of the development areas, applications, 

enabling technologies, and architectures.  (Siegel et al., 2018) give a brief summary of the connected car industry's 

state of the art. The research conducted by (Z. Wang et al., 2020) emphasizes multi-sensor heterogeneous fusion 

technology. These technologies consist of GPS, IMU, radar, camera, LIDAR, ultrasonic, and V2X 

communication. The requirement of fusion solutions in light of sensor limitations is examined by the writers. A 

synopsis of current and forthcoming sensor technologies utilized for routine perception tasks in automated driving 

and advanced driver assistance systems (ADAS) is suggested by (Martí et al., 2019). More precisely, they focus 

on exteroceptive sensor technologies such as artificial vision, radar, and LIDAR. These are used for tasks like (i) 

automatic detection and recognition of traffic signs, (ii) environment perception, and (iii) detection of cars, 
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pedestrians, and other obstacles. To illustrate the possible advantages of using cell phones to spot instances of 

distracted driving, (Kaiser et al., 2021) carried out an author-focused literature analysis. The writers compiled 

their application scenarios, methods, and findings using sensor data from smartphones after reading through a 

number of publications. Big data was used to undertake an analysis of driving behavior in a survey (Arumugam 

& Bhargavi, 2019).  (B. Zhang et al., 2019) looked at the average takeover durations of 129 research projects that 

were automated to a level two or higher according to the Society of Automotive Engineers (SAE). One of the 

most important things to figure out about autonomous driving research is how fast the drivers regain control of 

the vehicle in response to a critical event or a take-over request. The authors (Sarker et al., 2020) examine the 

most critical components of information-aware CAV, including human factors, controller aspects, and sensing 

and communications technology. 

Research Gaps: 

• Integration Complexity: The complexity of integrating diverse AI/ML models for predictive maintenance 

within ADAS has yet to be fully explored. Studies are needed to delve into the intricacies of integrating 

predictive maintenance algorithms that can seamlessly interact with ADAS components. 

• Real-time Data Processing: The capability for real-time processing and analysis of data from ADAS 

sensors for predictive maintenance is under-researched. Future studies could focus on developing and 

implementing real-time AI/ML algorithms capable of efficiently processing large volumes of sensor data. 

• Customization and Personalization: While touched upon the personalization of ADAS, customizing 

predictive maintenance based on individual vehicle usage patterns and environmental factors remains 

largely unexplored. 

• Scalability and Adaptability: The scalability of predictive maintenance models in adapting to new ADAS 

technologies and components as they evolve is a significant gap. Research is needed to develop adaptive 

models that can learn from new data and incorporate advancements in ADAS technology. 

• Driver Behavior and Interaction: The interaction between predictive maintenance alerts and driver 

behavior, including how drivers respond to maintenance warnings and the impact on driving 

performance, needs to be adequately studied. Future research could investigate the optimal ways to 

communicate maintenance needs to drivers to enhance safety and prevent malfunctions. 

• Ethical and Privacy Concerns: With the increasing reliance on data-driven models for predictive 

maintenance, ethical and privacy concerns related to data collection, storage, and analysis are becoming 

paramount. More research is needed on frameworks and policies that balance the benefits of predictive 

maintenance with the protection of user data. 

• Validation and Testing: There is a need for comprehensive validation and real-world testing of predictive 

maintenance models to assess their effectiveness and reliability. Research that focuses on extensive 

testing under diverse conditions and environments can provide valuable insights into the practical 

application of these models. 

By addressing these gaps, future research can significantly advance the AI/ML-enabled predictive maintenance 

field for ADAS, enhancing vehicle safety, reliability, and user experience. 

III. LITERATURE REVIEW 

ADAS in connected and autonomous vehicles (CAV) has been the subject of multiple published surveys, each 

taking a different approach to the system's design. To our knowledge, these features have yet to be addressed in 

the scientific literature. However, unmet demands and obstacles were associated with the integration and 

bidirectional interactions of the three subsystems that were analyzed. On the other hand, specific surveys have 

distinguished out due to the in-depthness and rigor with which they explore specific aspects of these factors. In 

this section, we will address the current issues associated with the subject matter and point out the inadequacies 

that each of them. In addition, we will offer the qualities that make each of them stand out. 

• Adaptive Cruise Control with Prediction We investigated how to improve Adaptive Cruise Control systems 

through the use of Model Predictive Control (MPC) methods with a customized ECU. The study 

demonstrated the feasibility of integrating advanced control algorithms into a vehicle's Electronic Control 
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Unit (ECU), showing practical effectiveness through experiments. This research underscored the potential 

for predictive models to improve vehicle safety and efficiency but noted the necessity for further exploration 

under varied environmental conditions (Brugnolli et al., 2019). 

• Enhancing the dependability and safety of ADAS through enhanced traffic sign identification was the goal 

of the Belief Functions Theory-based Traffic Sign identification System. The study achieved higher accuracy 

rates by fusing machine learning classifiers using the Dempster-Shafer theory. The research indicates 

significant progress in AI-based recognition systems but calls for further real-world validations (Triki et al., 

2021). 

• A Driver Modeling Approach for Symbiotic Driving: An MPC-Based Haptic Shared Steering System 

implemented an MPC framework's optimal torque control law to guarantee continuous guiding while 

steering. The integration of a comprehensive driver model for predicting cognitive behavior and 

neuromuscular dynamics promises enhanced ADAS collaboration. However, the adaptability of this model 

to various vehicle types still needs to be explored (Lazcano et al., 2021). 

• Predicting Driver Actions in Real Time Long Short-Term Memory (LSTM) networks were shown to be able 

to anticipate the driver's movements in real-time by utilizing data such as the driver's gaze and the dynamics 

of the car. This approach significantly enhances driving safety by allowing ADAS to anticipate potential 

risks. The study's findings advocate for the model's real-world applicability and integration with ADAS 

technologies (Khairdoost et al., 2020). 

• Prediction Performance of Lane Changing Behaviors: A Study of Combining Environmental and Eye-

Tracking Data in a Driving Simulator. A method for predicting drivers' actions based on eye-tracking data 

and machine learning techniques. The study found that combining data sources could significantly improve 

prediction systems' performance, suggesting a need for models that include more diverse datasets and driving 

scenarios (Deng et al., 2020). 

• The utilization of machine learning to forecast future driver control actions was emphasized in data-driven 

models for haptic-shared control advanced driver support systems. The study compared several algorithms 

to develop haptic-shared ADAS, indicating a gap in exploring the model's performance across different 

driving conditions and populations (Okamoto & Tsiotras, 2019). 

• • Identification of Anomalies A hybrid framework integrating Restricted Boltzmann Machines (RBM) and 

Long Short-Term Memory Neural Networks (LSTM) for anomaly detection in Advanced Driver Assistance 

Systems (ADAS) was proposed, based on RBM-LSTM Neural Network for CPS. The framework aims to 

improve prediction speed and accuracy, showing promise for real-time applications, though scalability and 

efficiency in such settings need further investigation (Wu et al., 2020). 

• • An Approach to Crash Avoidance and Prediction Utilizing Hidden Markov Models: The goal was to apply 

active safety systems to prevent automobile crashes on roads by using hidden Markov models to forecast 

them. The simulation demonstrated its effectiveness, highlighting a need for real-world testing across various 

traffic scenarios (Prabu et al., 2019). 

• • Reviewed resource-constrained machine learning models for ADAS, focusing on balancing model 

complexity and hardware capabilities. This work points out the necessity for adaptive and scalable ML 

models that can operate within diverse ADAS hardware platforms (Borrego-Carazo et al., 2020). 

• Further exploration into AI's role in predictive maintenance across automotive applications indicates a 

broader scope for enhancing safety and efficiency (Fedullo et al., 2022). 

 

These summaries reflect the current landscape of AI/ML applications in enhancing ADAS functionalities, 

emphasizing the significant strides made in predictive modeling, real-time data processing, and system integration. 

Each study contributes to the overarching goal of improving vehicular safety and driver assistance technologies 

while highlighting areas that require further research and development to overcome existing limitations and fully 

realize the potential of AI/ML in automotive safety systems. 

These references encapsulate a spectrum of AI/ML research applications in ADAS, from enhancing specific 

functionalities like adaptive cruise control and traffic sign recognition to broader aspects such as anomaly 

detection and predictive modeling. Each study contributes valuable insights into the advancement of driver 
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assistance technologies, offering a foundation for future research and development in this critical field of 

automotive safety. This table comprehensively overviews research papers addressing predictive maintenance for 

Advanced Driver Assistance Systems (ADAS). Each entry delves into the methodologies, outcomes, and gaps in 

the predictive maintenance domain, shedding light on the evolving landscape of AI-driven maintenance solutions. 

Table 1. Insights into Predictive Maintenance for ADAS Systems 

Insights Conclusions Methods Used Limitations Practical 

Implications 

Ref 

Bi-LSTM is 

best for 

manufacturin

g forecasting 

AI anticipates 

manufacturing 

temp and 

insulation 

Deep learning: 

MLP, LSTM, 

LSTM 

autoencoder, 

integrated 

- Improve 

motor temp 

and insulation 

forecasts in 

manufacturing 

using AI 

(Netisopakul 

& Phumee, 

2022) 

AI 

maintenance 

is essential 

for 

robustness 

The proposed 

framework 

detects/mitigates 

risks 

AI model 

inspection 

framework; 

Levels of AI 

robustness 

automation 

Model complexity 

and diverse 

explanations need 

not be recognized 

Enhance the 

trustworthines

s and 

transparency 

of AI systems 

(Chen & Das, 

2023) 

XgBoost is 

best for 

aviation 

predictive 

maintenance 

Predictive 

maintenance is 

essential in 

aviation 

XgBoost, 

Random Forest, 

Linear 

regression, K-

nearest neighbors 

- Enhance 

safety in 

aviation by 

using 

XgBoost for 

predictive 

maintenance 

(Ajay et al., 

2023) 

Practical 

testbed for 

ADAS 

assessment 

Subjective 

effectiveness 

analysis included 

Assessment of 

ADAS for 

industrial 

vehicles 

Heterogeneous 

industrial 

environments, 

subjective 

effectiveness, 

cognitive load 

Improve 

ADAS design 

and 

assessment 

for industrial 

vehicles 

(Paneda et al., 

2023) 

Scene 

Labeling 

extracts info 

from vehicle 

images 

Vital for ADAS Scene Labelling 

algorithm 

Sensors deliver raw 

data; Algorithms 

needed for info 

extraction 

Enhance car 

and road 

safety by 

using the 

Scene 

Labelling 

algorithm 

(Tauqeer et 

al., 2022) 
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AI-based 

algorithms 

practical for 

predictive 

maintenance 

XgBoost excels Data-driven 

modeling for tool 

wear and bearing 

failures; 

XgBoost, 

Random Forest, 

K-nearest 

neighbors 

- Improve 

predictive 

maintenance 

in industrial 

equipment 

using AI 

(Dhanraj et 

al., 2023) 

XAI 

customizatio

n needed for 

industrial 

apps 

The gap in XAI 

methodologies for 

the industry 

XAI techniques; 

Methods used in 

industrial use 

cases 

Lack of recognition 

of diverse 

explanation needs, 

gap in XAI 

methodologies 

Customize 

XAI for 

industry 

applications; 

Address 

explanation 

needs 

(Basciani et 

al., 2023) 

Co-

simulation 

proposed for 

ADAS 

verification 

Empower experts 

for test scenario 

design 

Co-simulation 

framework; 

Visual editor for 

test scenario 

design; Model-

in-the-Loop 

(MiL) validation 

Field evaluations 

impractical; MiL 

validation struggles 

with ADAS 

complexity 

Improve 

ADAS 

verification; 

Address 

challenges in 

ADAS 

complexity 

(Gautam et 

al., 2023) 

ML with IIoT 

enhances 

predictive 

maintenance 

Deep learning 

LSTM excels in 

forecasting 

ML with IIoT; 

Traditional ML 

and deep 

learning 

techniques; Deep 

learning LSTM 

Sensors deliver raw 

data; Algorithms 

needed for info 

extraction 

Enhance 

predictive 

maintenance 

in 

manufacturing 

using ML and 

IIoT 

(Zonta et al., 

2020) 

PSI is 

promising for 

detecting data 

distribution 

shifts 

Emphasizes model 

monitoring and 

robustness 

analysis 

Uses Population 

Stability Index 

(PSI); Empirical 

experiments 

evaluating PSI 

Susceptibility of 

deep learning models 

to environment 

changes; Need for 

categorizations/exam

ples for robustness 

monitoring 

Detect data 

distribution 

shifts in 

deployed 

models; 

Monitor 

model 

robustness 

(Bud et al., 

2022) 

Focuses on 

road feature 

detection 

using 

YOLOv7 and 

Faster RCNN 

for ADAS 

and self-

driving cars. 

The model 

benchmarks traffic 

conditions, 

ADAS, and self-

driving car 

capabilities. 

YOLOv7 and 

Faster RCNN 

models. 

Computation-

intensive model. 

Improve 

ADAS and 

self-driving 

cars with 

accurate road 

feature 

detection. 

(Nadeem et 

al., 2023) 
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NLP input 

recognition 

aids 

autonomous 

vehicle 

control and 

quality. 

NLP input 

recognition boosts 

AV VCS 

reliability and 

efficiency. 

Voice 

communication 

system 

integration with 

ADAS. 

Computationally 

intensive model. 

Natural 

language 

processing 

input 

recognition 

improves AV 

controls and 

quality. 

(Anjum & 

Shahab, 2023) 

Utilizes deep 

learning to 

predict 

vehicle-based 

safety threats, 

focusing on 

the looming 

concept. 

Deep learning 

models 

considering 

looming provide 

low false alarm 

rates in traffic 

scenarios. 

Deep learning 

models with 

multiple factors, 

including 

looming. 

- Enhance 

safety through 

accurate 

threat level 

estimation in 

autonomous 

vehicles. 

(Formosa et 

al., 2022) 

Discusses 

AI/ML 

service 

enablers and 

model 

maintenance 

for beyond 

5G networks. 

Explains AI/ML 

analytics and 

network 

automation/servic

e-based designs. 

Overview of 

AI/ML analytics, 

system-level 

approach for 

AI/ML analytics 

service enablers. 

- Improve 

network 

optimization 

and service 

lifecycle 

management 

with AI/ML 

analytics. 

(Samdanis et 

al., 2023) 

Focuses on 

an 

interpretable 

AI-based 3D 

path loss 

prediction 

model for 

self-driving 

networks. 

LightGBM 

outperforms 

empirical models 

by 65% and ray-

tracing by 13x in 

prediction 

accuracy and time. 

Machine 

Learning (ML)-

based model, 

SHAP method. 

- Enhance path 

loss 

prediction for 

self-driving 

networks 

using 

interpretable 

AI-based 

models. 

(Masood et 

al., 2022) 

Develop 

industrial 

equipment 

noise-robust 

predictive 

maintenance 

models. 

This model 

outperforms ML-

based laser RUL 

prediction models 

and dashes. 

Theoretical 

concepts of 

machine learning 

models. 

Improved prediction 

performance and 

faster execution for 

laser RUL 

prediction. 

- (Abdelli et al., 

2022) 
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Develop 

industrial 

equipment 

noise-robust 

predictive 

maintenance 

models. 

Models maintain 

over 95% 

accuracy despite 

adding noise in the 

test phase. 

Noisy training 

method for noise 

robustness. 

Maintenance models 

are robust to noise 

for industrial 

equipment. 

- (Suawa et al., 

2023) 

Utilizes 

autoencoder 

anomalies for 

predictive 

maintenance. 

Autoencoders can 

predict 

maintenance 

without run-to-

failure data. 

- Predictive 

maintenance and 

fault localization in 

the absence of R2F 

data. 

- (Fathi et al., 

2021) 

Investigates 

the impact of 

road 

infrastructure 

on ADAS 

safety 

benefits. 

To avoid deaths 

and injuries, 

ADAS systems 

require road 

infrastructure 

improvements. 

Narrowly 

sensitive crashes 

are considered 

for AEB 

effectiveness. 

Quantify lost 

benefits of ADAS 

technologies due to 

inadequate road 

infrastructure. 

- (Peiris et al., 

2022) 

Develop an 

ADMT 

system 

employing 

STIP and 

RCNN to 

track and 

anticipate 

driver 

movement. 

STIP extraction 

and RCNN 

increase driver 

movement 

tracking and 

anticipating. 

- ADMT improved 

anticipation time and 

maneuver prediction. 

- 

 

(Gite et al., 

2021) 

In order to improve the efficiency and security of ADAS, this literature review explores the crucial function of AI 

and ML in Predictive Maintenance modeling. Adaptive cruise control (ACC) and traffic sign recognition are just 

two examples of the specialized ADAS functionalities covered in this collection of research papers. Other topics 

include developing robust anomaly detection frameworks, analyzing lane change behavior, and predicting driver 

behavior. The studies highlight the revolutionary effects of AI and ML on ADAS, shedding light on the complex 

interplay between theoretical modeling and real-world application issues. Examining predictive control 

mechanisms, real-time behavior prediction models, and data-driven safety enhancements in-depth, this review 

summarizes recent developments and pinpoints essential avenues for future research to utilize AI/ML in-vehicle 

assistance and safety systems fully. 

Existing issues to enhance the safety of advanced driver Assistance Systems (ADAS)  

Integrating AI/ML-enabled predictive maintenance into Advanced Driver Assistance Systems (ADAS) aims to 

enhance safety and reliability by forecasting potential issues before they lead to system failure. This approach is 

particularly critical for components such as sensors, cameras, and control units essential for ADAS's functionality. 

The discussion below outlines issues related to safety challenges, the importance of maintenance, and the 

evolution and adoption trends of these technologies, including relevant citations and references for further 

exploration. 
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Safety Challenges and Importance of Maintenance 

 

The primary safety challenge in ADAS components arises from the failure of sensors or software that can lead to 

incorrect decision-making, potentially causing accidents. For instance, sensor degradation (e.g., due to dirt, wear, 

or damage) can impair the system's ability to perceive the environment accurately, leading to failures in critical 

functions such as emergency braking or lane-keeping assistance. Predictive maintenance is crucial for identifying 

and addressing these failures proactively. By analyzing sensor data and usage patterns, AI/ML models can predict 

component failures before they occur, allowing for timely maintenance or replacement and thus ensuring the 

ADAS operates safely. This work discusses the role of AI in detecting anomalies within autonomous driving 

systems, highlighting the importance of predictive maintenance in ensuring safety (Pfeil et al., 2022) 

Evolution and Adoption Trends 

Evolution: AI/ML-enabled predictive maintenance in ADAS is marked by advancements in sensor technology, 

machine learning algorithms, and computational power. Early systems relied on basic diagnostics and rule-based 

algorithms for maintenance alerts. Today, sophisticated AI models utilize vast amounts of data to learn complex 

patterns of wear and failure, enabling more accurate predictions. 

Adoption Trends: Adoption trends indicate a growing recognition of the value of predictive maintenance across 

the automotive industry. Manufacturers increasingly integrate these capabilities into their vehicles to enhance 

safety, reliability, and customer satisfaction. Regulatory pressures and consumer demand for safer, more reliable 

vehicles drive adoption. This case study exemplifies how event-log analysis can be utilized for predictive 

maintenance, reflecting broader trends in adopting these technologies within complex systems like ADAS (J. 

Wang et al., 2017). These definitions and frameworks are crucial for understanding the components and 

functionalities of ADAS (SAE International, 2019). Methodologies and applications in prognostics and health 

management are relevant to developing predictive maintenance models for ADAS (Radhakrishnan et al., 2023). 

The integration of AI/ML-enabled predictive maintenance into ADAS represents a critical intersection of safety 

technology and advanced data analytics. The evolution and adoption of these technologies underscore their 

potential to improve vehicle safety and reliability significantly. As the automotive industry continues to innovate, 

the ongoing research and development in this area will address existing challenges, leading to more sophisticated 

and effective ADAS functionalities (De-Las-Heras et al., 2021). 

Enhancing ADAS Safety with AI-Driven Predictive Maintenance 

The various aspects, quirks, and difficulties of industrial data must be addressed via predictive maintenance 

systems. Fast diagnosis and detection, solubility (differentiating between failure types), resilience, novel 

identifiability, estimation of classification error, adaptability, explanation facility, minimal modelling 

requirements, real-time computation and storage handling, and multiple fault identifiability are all characteristics 

of a PdM system. Their actions and data variability are two key obstacles for industrial use cases. Tolerances in 

mechanics, changes to mounts, differences in EOC, and other variables cause this to happen even in assets with 

identical features. Machines and assets find it challenging to reuse the PdM model due to these factors. Collecting 

high-quality data, doing proper pre-processing, and engineering features to produce a problem-representative 

dataset are further pertinent problems. (Jeong et al., 2021; Kang & Lim, 2020; Rajanarayana et al., 2019).  
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Figure 5. Predictive maintenance in stages 

In order to get the data ready for PdM, which is a general data analytics lifecycle, two more stages are usually 

done before the ones already described. As mentioned earlier, these steps—pre-processing and Feature 

Engineering—are essential for improving model accuracy on PdM stages by generating a problem-representative 

dataset. The requirements and data characteristics of the use cases should inform the design, adaptation, and 

implementation of all PdM stages (Figure 5). Also, PdM system development is incremental, so the methods, 

algorithms, and choices made in one stage will impact the next. Each phase of PdM is addressed in the following 

sections, which provide an overview of the most popular data-driven approaches. 

Anomaly Detection  

Depending on the underlying machine-learning goal, data-driven models can take one of three approaches to this 

step: clustering, one-class classification, or classification. When training with many classes of labelled data, when 

there is just one class of data (often non-failure data), or when the data is unlabelled, these can be utilized in turn. 

The development of FMEA, which incorporates criticality analysis, and its subsequent use by analysing expert 

knowledge, FMECA may assist visualize potential failure types. This, in turn, aids in designing the data analysis 

lifecycle by prioritizing the sorts of failures or abnormalities that need to be recognized. It is necessary to pre-

process the anomaly detection algorithms, and some of them rely on data that has been built with features. 

Selecting, training, and optimizing the most appropriate model for the use case follows feature engineering. In the 

next PdM stages, the chosen AD method and use-case data will have an impact and set constraints. In Table 2, we 

can see a summary and classification of the most common methods for data-driven anomaly identification. In 

addition, by combining two or more of these methods, an anomaly detection system can be built, which would 

make up for the shortcomings of a single model. 

Table 2.  Detection of Anomalies for the Purpose of Predictive Maintenance in ADAS 

Model Type Paper Title Technique/Insight Research Gap Objective Ref  

Unsupervised Anomaly 

Detection with 

Convolutional 

Autoencoder for 

Predictive 

Maintenance 

Utilizes convolutional 

autoencoders to detect 

anomalies. It focuses on 

unsupervised learning, 

which is ideal for 

scenarios with 

unlabeled data. 

Limited 

exploration of 

unsupervised 

models in real-

world ADAS 

scenarios. 

To develop a 

model that can 

effectively 

identify potential 

failures in ADAS 

components 

without labeled 

data. 

(Tian et al., 

2022) 
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Combination Anomaly 

Detection Model 

in APCS Using 

AutoML 

Demonstrates using 

Automated Machine 

Learning (AutoML) to 

streamline the creation 

of anomaly detection 

models, combining 

various AI techniques. 

The complexity of 

integrating 

AutoML in ADAS 

for diverse vehicle 

platforms. 

To simplify the 

model 

development 

process for 

ADAS predictive 

maintenance 

using AutoML. 

(Asyaev & 

Sokolov, 

2022) 

All Using Anomaly 

Detection to Test 

Early Predictive 

Maintenance in 

Wind Turbines 

Explores early 

predictive maintenance 

techniques for wind 

turbines, adaptable to 

supervised and 

unsupervised methods. 

Applying wind 

turbine 

maintenance 

insights to ADAS 

systems needs to 

be directly 

addressed. 

To assess the 

feasibility and 

effectiveness of 

early predictive 

maintenance 

approaches in 

ADAS systems. 

(Jankauskas 

et al., 2023) 

Unsupervised Predictive 

Machine 

Maintenance 

Using Tiny ML 

Introduces TinyML for 

resource-constrained 

environments, 

employing 

unsupervised learning 

for efficient anomaly 

detection. 

Exploration of 

TinyML's 

application in the 

automotive sector, 

especially for 

ADAS, remains 

sparse. 

To leverage 

TinyML for 

developing 

lightweight, 

efficient 

predictive 

maintenance 

models suitable 

for ADAS. 

(Bhide et 

al., 2023) 

Combination An anomalous 

sound detection 

methodology for 

predictive 

maintenance 

Proposes a 

methodology for 

detecting anomalous 

sounds indicative of 

mechanical failures, 

suggesting a blend of 

AI/ML techniques. 

An in-depth 

analysis of sound-

based anomaly 

detection for 

ADAS 

components is still 

being determined. 

To enhance 

ADAS predictive 

maintenance by 

incorporating 

sound-based 

anomaly 

detection into the 

diagnostic 

process. 

(Di Fiore et 

al., 2022) 

Combination Anomaly 

Detection 

System for 

Stepper Motors 

Discusses a specialized 

anomaly detection 

system for stepper 

motors, highlighting a 

combination of 

techniques. 

Specific 

application of 

anomaly detection 

systems for 

stepper motors in 

ADAS is 

underexplored. 

To develop a 

robust anomaly 

detection system 

for stepper 

motors that can 

be integrated into 

ADAS for 

enhanced safety. 

(Sharrar, 

2022) 

Unsupervised Utilizing Edge 

Computing for 

Anomaly 

Detection-Based 

Power Saving in 

Predictive 

Maintenance 

It focuses on energy-

efficient anomaly 

detection at the edge, 

employing 

unsupervised learning. 

More studies on 

power-efficient 

anomaly detection 

methods in the 

context of ADAS 

predictive 

maintenance are 

needed. 

To propose a 

power-saving 

anomaly 

detection 

framework that 

can be deployed 

in edge 

computing 

environments for 

ADAS. 

(Bose et al., 

2019) 

All Data quality-

based anomaly 

Proposes a 

comprehensive 

There is a need for 

models that 

To improve the 

reliability and 

(H. Choi et 

al., 2022) 
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detection for 

predictive 

maintenance and 

workflow and 

result derivation 

approach to predictive 

maintenance, 

addressing data quality 

and workflow 

optimization. 

explicitly consider 

data quality in 

ADAS predictive 

maintenance. 

accuracy of 

predictive 

maintenance for 

ADAS by 

focusing on data 

quality. 

ADAS Safety Revolutionized: AI and ML's Significance for Predictive Maintenance 

Advanced Driver Assistance Systems (ADAS) safety and dependability have significantly improved with the use 

of Artificial Intelligence (AI) and Machine Learning (ML) into predictive maintenance models. Predictive 

maintenance, leveraging AI and ML, offers a proactive approach to identify potential failures before they occur, 

thereby ensuring the seamless operation of ADAS components critical for vehicle safety. (Zhuang et al., 2023) 

have developed a Bayesian deep learning framework for predictive maintenance, highlighting the effectiveness 

of probabilistic models in predicting component failures with high accuracy. Similarly, (Nunes et al., 2023) 

reviews the challenges in predictive maintenance, emphasizing the need for advanced analytical models to process 

and interpret the vast amounts of data generated by ADAS sensors and components. 

Digital twin technology, as discussed by (Zhong et al., 2023), further enhances predictive maintenance by creating 

a virtual replica of ADAS components, enabling real-time monitoring and simulation of wear and tear under 

various conditions. (Ruiz Rodríguez et al., 2022) have explored multi-agent deep reinforcement learning for 

predictive maintenance on parallel machines, showcasing the potential for distributed learning systems to optimize 

maintenance schedules and actions autonomously. (Achouch et al., 2022) Provide an overview of predictive 

maintenance in Industry 4.0, including ADAS, illustrating the critical role of digital transformation in achieving 

sustainable manufacturing and production systems. 

Moreover, the application of MIMO radar technology in ADAS, as examined by (Sun et al., 2020), offers 

advanced capabilities for object detection and collision avoidance, underscoring the importance of reliable 

predictive maintenance to ensure these systems operate at peak efficiency. (Mahmoud et al., 2023) present a 

benchmarking methodology for ADAS, supporting the design and implementation of these systems in vehicles, 

further stressing the significance of predictive maintenance models in maintaining system integrity and safety. 

To Fail or Not to Fail: A Study of Machine Learning Methods for ADAS Predictive Maintenance (Advanced 

Driver Assistance Systems) 

An important phase in the development of automobile safety and dependability is the investigation of machine 

learning methods for predictive maintenance in Advanced Driver Assistance Systems (ADAS). The development 

of AI/ML-enabled predictive maintenance models for ADAS encompasses a range of challenges, including the 

high variability in sensor data quality, the need for real-time processing capabilities, and integrating these models 

into existing vehicle systems. By leveraging machine learning, predictive maintenance aims to anticipate and 

address system failures before they occur, enhancing safety and efficiency. However, the heterogeneity of ADAS 

components, from radar and cameras to control units and actuators, adds complexity to the task. Each component 

requires a tailored approach for anomaly detection and fault prediction, demanding a combination of supervised, 

unsupervised, and semi-supervised learning models. 

Additionally, the dynamic nature of driving environments and the continuous evolution of ADAS technologies 

necessitate adaptive models that can learn from new data and adjust to changing conditions. The challenges also 

extend to the computational demands of processing and analyzing large volumes of data, the need for models that 

can operate with limited computational resources (e.g., edge computing), and ensuring the privacy and security 

of data. Despite these hurdles, the potential benefits of AI/ML-enabled predictive maintenance for ADAS — 

including reduced downtime, enhanced safety, and improved performance — drive ongoing research and 

development efforts in this field. 

The burgeoning field of Advanced Driver Assistance Systems (ADAS) stands at the confluence of safety and 

technology, striving to minimize vehicular accidents and enhance driving efficiency. This review paper delves 
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into the pivotal role of Artificial Intelligence (AI) and Machine Learning (ML) in facilitating predictive 

maintenance within ADAS, aiming to pre-emptively identify and rectify potential failures. We examine the 

spectrum of machine learning techniques, from unsupervised learning to sophisticated deep learning models, their 

applications in predictive maintenance, and the overarching challenges encountered in their development and 

implementation. Introduction Background ADAS epitomizes the integration of cutting-edge technologies to 

augment human driving capabilities, encompassing features like collision detection, automatic braking, and lane-

keeping assistance. The reliability of these systems is paramount, necessitating advanced predictive maintenance 

strategies to foresee and mitigate possible malfunctions. AI and ML emerge as quintessential tools in analyzing 

vast datasets generated by ADAS sensors, enabling the early detection of anomalies that could lead to system 

failures. This section outlines the foundational role of AI/ML in predictive maintenance, highlighting its 

significance in the ADAS landscape.   

Table 3. Challenges and Potential Solutions for AI/ML-Enabled Predictive Maintenance in ADAS 

Challenge Description Potential Solutions 

Data Quality and 

Variety 

ADAS systems generate vast amounts of 

heterogeneous data, challenging quality 

control and integration. 

Develop robust pre-processing and data 

fusion techniques to enhance data 

quality and usability. 

Real-time Processing Predictive maintenance models must process 

data and provide real-time insights to be 

effective. 

Leverage edge computing and optimize 

algorithms for low-latency processing. 

Model Integration and 

Adaptability 

Integrating AI/ML models into existing 

ADAS architectures requires models to be 

adaptable and scalable. 

Design modular, flexible AI models 

that can be easily integrated and scaled 

within ADAS ecosystems. 

Computational 

Constraints 

Running complex AI/ML models on board 

requires significant computational resources, 

which may be limited. 

Employ TinyML and other lightweight 

machine learning approaches to reduce 

computational demands. 

Evolving 

Technologies and 

Environments 

The continuous evolution of ADAS 

technologies and changing driving 

environments necessitate adaptive learning 

models. 

Implement reinforcement learning and 

online learning techniques to allow 

models to adapt over time. 

Privacy and Security The collection and analysis of vehicle data 

pose privacy and security concerns. 

Incorporate privacy-preserving 

techniques such as federated learning 

and ensure robust data encryption. 

 

IV. CONCLUSION 

In conclusion, AI/ML-enabled predictive maintenance models are essential for enhancing the safety of ADAS, 

providing a foundation for developing reliable, efficient, and proactive maintenance strategies. By leveraging 

advanced analytical models, digital twin technology, and machine learning algorithms, the automotive industry 

can ensure the safety and reliability of ADAS, ultimately contributing to safer driving experiences and reduced 

road accidents. AI/ML-enabled predictive maintenance represents a frontier in advancing ADAS, offering 

substantial benefits in terms of safety and reliability. Despite the challenges, the potential of AI/ML in predictive 

maintenance is undeniable, with ongoing research poised to overcome existing limitations. 

Autonomous Vehicles (AVs) and Advanced Driver Assistance Systems (ADAS) combined with AI and ML will 

transform automotive safety and efficiency. This comprehensive overview shows how AI and ML have 

revolutionized predictive maintenance tactics in ADAS, improving driving experiences and reducing failure risks. 

The paper shows how to use AI and ML to improve ADAS functions by analyzing the current environment, 

including integration issues, real-time data processing issues, and the need for individualized maintenance 

protocols. Sensor fusion technologies, robust anomaly detection frameworks, and adaptive learning models that 

adapt to changing driving scenarios and technologies are needed to address safety challenges, evolution and 

adoption trends, and research gaps. AI-driven predictive maintenance aims to improve vehicle safety and system 
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reliability. Predictive maintenance reduces downtime, maintenance costs, and system-related incidents by 

predicting component wear and system faults. The assessment stresses the importance of resolving computational 

limits, data privacy, and model adaptability to stay up with rapid automotive technology improvements and 

dynamic driving scenarios. 

In conclusion, integrating AI and ML into ADAS for predictive maintenance is not merely an option but a 

necessity for the future of automotive safety. As the industry moves towards more connected and autonomous 

vehicles, the insights provided by this review offer a valuable roadmap for researchers, engineers, and 

policymakers, highlighting the importance of continued innovation, rigorous testing, and ethical considerations in 

developing these critical systems. The journey towards safer, more reliable vehicles is complex and challenging. 

However, with the strategic application of AI and ML technologies, the potential to save lives and enhance driving 

experiences is boundless. A summative overview of the explored machine learning techniques for predictive 

maintenance in ADAS reiterates the importance of overcoming development challenges to fully harness the 

potential of AI/ML in enhancing vehicular safety and reliability. 

Future scope  

For ongoing or future research, consider the following potential areas of focus that continue to emerge in AI/ML 

for ADAS predictive maintenance: 

• Integration with Cloud and Edge Computing: Research how cloud and edge computing architectures 

can optimize processing vast data sets for real-time anomaly detection in ADAS. 

• Federated Learning for Privacy-preserving Models: Explore using federated learning to improve 

predictive maintenance models while adhering to privacy and data protection regulations. 

• Reinforcement Learning for Dynamic Adaptation: Investigate reinforcement learning approaches that 

allow predictive maintenance systems to dynamically adapt to new conditions and improve over time 

without explicit reprogramming. 

• Cross-domain Applications: Look into cross-domain applications of anomaly detection models, such 

as transferring insights from industrial predictive maintenance to ADAS to leverage common patterns 

and efficiencies. 

• Advanced Sensor Fusion Techniques: Delve into advanced sensor fusion techniques that integrate data 

from multiple sources (radar, LiDAR, cameras) more effectively for comprehensive anomaly detection. 

These areas represent just a fraction of the possibilities for advancing AI/ML-enabled predictive maintenance in 

ADAS, each with the potential to enhance system reliability, safety, and performance significantly. Academic and 

industry collaborations can also yield innovative solutions that push the boundaries of current technologies. 
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