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1. INTRODUCTION  

Artificial Intelligence, or AI, is profoundly impacting the ways 

in which people across the globe interact. Being a powerful set 

of technologies, people have been helped in solving almost 

every everyday problem, which makes AI’s applicable in 

numerous fields [1]. One of which is transportation that has 

already been disrupted the ways in which the people and goods 

are moved. In addition, AI has also been playing an important 

role in transportation section from scanning of the traffic 

patterns to the reduction of the road accidents, and from the 

optimisation of the routes to the minimisation of the emission 

[2]. All of these have been made into reality through data 

collection and analysis; thereby indicating that AI has been 

critical for the creation of opportunities to make transport much 

safer, cleaner, efficient and reliable at the same time. In both 

emerging markets and advanced economies, AI’s multiple 

applications have exemplified the contributions through 

evolving technologies, while effectively managing the 

challenges posed by these technologies [3].  

In the sixth decade, AI has made substantial progress as a 

discipline, and more recently the advancements in AI have led 

to acceleration that has been supported through the machine 

learning evolution, in addition to the enhanced and improved 

computing power as well as communication networks and data 

storage [4]. Based on the definition put forward by EM 

Compass Note, AI can be explained as a series of methods, 

technologies, and approaches, instead of being one type of 

robot or machine [5], that displays the intelligent behaviour 

through more advanced analysis of the environment to take 

actions with some degree of autonomy so that the specific 

targets can be achieved for bringing radical improvements in 

the mode of transportation [4]. 

 

2. APPLICATION OF ARTIFICIAL INTELLIGENCE 

(AI) IN TRANSPORT AND TRAFFIC MANAGEMENT / 

VIOLATION   

AI has radically and fundamentally changed the world 

economy, and has been predicted to continue doing so in the 

future. According to analysts, the capability of AI in terms of 

analysing the data resulting from the advancements in AI could 

result in the addition of $13 trillion to the global economic 

output by the next decade (i.e. 2030) [6]. The forecast also takes 

account of the transportation sector, where the application of 

AI has been predicted to result in additional disruptions. During 

2017, the transportation-related AI technologies in the global 

market reached between $1.2 to $1.4 billion, which is expected 

to grow to $3.1 to $3.5 billion by 2023. If these predictions are 

specifically taken into account, the Compound Annual Growth 

Rate to be registered would be somewhere between 12 and 14.5 

per cent during the time period i.e. 2017 to 2023 (see Figure 1). 

The rapid growth of AI can be attributed to the benefits 

associated with it, in specific reference to the transportation 

sector in the form of increased efficiency, safety of both drivers 

and pedestrian, lower costs, and minimised possibility of traffic 

violation [7].  

 

 

In a vast majority of the cases, it has become exceptionally 

difficult to fully comprehend the relationship that exists 

between the characteristics of the transportation system; 

thereby making AI one of the most lucrative methods and smart 

solution to analyse the data within the complex systems, which 

is near to impossible through the traditional methods. This is 

the reason that many researchers have acknowledged AI to 

have several benefits with respect to transportation [8]; for 

instance, the transformation of the data obtained via traffic 

sensors into smart agents for the purpose of identifying and 

detecting violations as well as accidents, while predicting the 

ways to improve future conditions [11].  

With several methods integrated within AI in transportation 

management like Artificial Neutral Networks (ANNs), which 

are generally used for the purpose of road planning [12] as well 

as public transport [13, 14], and the detection of traffic 

incidents [15-17], and traffic condition predictions etc. [9] 

ANN can be further classified into unsupervised and supervised 

learning methods. The unsupervised classification ANNs 

include cluster analysis and greedy layer-wise; whereas the 

supervised methods include; Radical Basis Network (RBN), 

Support Vector Machine (SVM), K-Nearest Neighbours and 

Decision Tree, and lastly the Probabilistic Neutral Network 

(PNN).  

Failure to analyse the transportation data can result in 

optimisation issues that needs bespoke algorithms for the 

purpose of computational analytics, which are easy to solve. 

This is due to these being highly advanced computational 

algorithms, which can be referred as raster algorithms. One of 
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the most prominent example of such algorithm is the Genetic 

Algorithm (GA), which has been based on the evolutionary 

biological concept and can help in solving complex 

optimisation problems. The GA is based on the concept of 

‘survival of the fitness’ that makes it a better tool to be used 

when designing urban networks [18-21].  

Swarm Intelligence System uses both Artificial Immune 

System (AIS) and Bee Colony Optimisation (BCO) [22-25]. 

This system uses the data to represent uncertainty, in addition 

to the vague and imprecision concepts; thereby making it 

among those techniques that can be used for the purpose of 

route optimisation in the transportation section. Fuzzy Logic 

Model (FLM) has been commonly cited with respect to 

optimisation, and has been consistently used for the purpose of 

solving shortest path optimisation [25]. When compared with 

Logistic Regression Model (LRM), FLM outperformed it in the 

development of route choice model [26]. Therefore, it has been 

indicated that intelligent techniques mentioned earlier are more 

reliable and suitable for the purpose of predicting, reasoning 

and adaptability.  

Also, Neural Networks (NNs) have been continually integrated 

with the systems for more improved and credible results. For 

instance, it has been showed that its application in the 

transportation sector can help the authorities in determining the 

ways to effectively relieve congestions, while making the travel 

more reliable. However, this can never be achieved without the 

data analysis supported through AI, which have been cited to 

have resulted in improved productivity and economics of the 

vital assets.  

 

2.1. Planning, Designing and Controlling Transportation 

Network Structure through AI 

The purpose of planning has been to work on the identification 

of the community needs, while deciding on the best approach 

or approaches through which the demands can be met without 

increasing the negative consequences for the environmental, 

economic and social aspects in transportation. Network Design 

Problem (NDP) has been identified to be associated with the 

purpose of designing optimal road method in transportation 

management [27].  In this context, it has been identified that 

there are both continuous and discrete problems associated with 

transportation. The continuous problem exists in the form of 

changes in the existing infrastructure capacity; meanwhile the 

discrete problem has been identified in the form of adding more 

infrastructure.  

During the 1990s, the focus remained on the use of NNs for the 

purpose of planning, designing and modelling the roads. For 

instance, Rodrigue modelled the spatial relationship between 

land-use planning and transportation through the use of the 

parallel NN system [28]. However, the research by Li et al. 

focused more on the application of the raster algorithms due to 

their preference with respect to urban planning [29]. This was 

further justified by the authors in a simplistic manner that is the 

lack of existing nodes and links in finding the optimal path.  

In the 21st century, voluminous data are analysed through the 

use of advanced algorithms, which have remained the centre of 

attention in specific reference to machine learning. It has 

created opportunities in terms of creating patterns among the 

data, which was an impossible thing to do in the past. Xu et al. 

focused on addressing the continuous NDP problem through 

the application of GA and SA algorithms, while comparing 

their efficiency given the simulated network [30]. The authors 

found that SA can help in finding optimal value with lower 

focus on computational efforts when compared with GA, but 

this is only possible with lower demand. However, GA through 

its advanced computations can help in reaching optimal and 

better solution.  

This has been opposed in the research by Karoonsoontawong 

and Waller, where the authors acknowledged GA given its 

provision of better and improved results when compared with 

SA due to the less computational time. However, the model 

used within the study was single-level linear model given the 

case of continuous NDP problem [31].  

Safety management plan has been modelled in the research by 

Akgungor and Dogan for the Ankara City in Turkey. The 

research applied Genetic algorithm (GA) and ANN [32]. The 

study confirmed that the application of ANN is more suitable 

against GA. In particular, ANN was found to have lower/less 

error involved in comparison to GA. On the contrary, Wen and 

Li applied the Ant Colony Algorithm for the purpose of 

designing optimal vehicle path [33]; whereas Li et al. 

considered the combination of Cellular Automata (CA) – 

spatial simulation method – in addition to Ant Colony 

Optimisation technique [34]. The findings of the study showed 

planning improvement with respect to urban development, and 

the pattern of land usage given the case of simulated industrial 

land in China.  

Furthermore, Dogan and Akgungor focused specifically on the 

safety plan and good transportation management system so that 

a balance can be created with respect to the demand of 

transportation through proper distribution of railways, 

highways and even airways [35]. ANN has been used by the 

authors for the purpose of predicting accident and injury 

between the highly congested route in Turkey (i.e. from 

Istanbul and Ankara). 

Over the years, it has been recognised that routes planning for 

the vehicles have become a necessity. Doing so can help in 

reducing and avoiding congestions a well as delays when 

travelling many times in a day. In this context, the ant colony 

algorithm has been proposed as a promising solution for the 

routing problem for vehicles, which has been recognised and 

acknowledged to be a leading problem. In this context Bell and 

McMullen used BCO algorithm to resolve the wavelength and 

routing problem [36], which means that it is impeccable to 

choose a path within the network as well as the assignment of 

the wavelength path for the connected nodes. This was argued 

to be critical in maximising the number of connection 

established, especially in between the nodes within the 

network.   

Furthermore, the research conducted recently focused on the 

use of microscopic traffic data to model and identify the 

security breach, as well as for the purpose of traffic control 

system and for the roadway management plan [37]. With 

respect to the purpose of identifying the best and most suitable 

path for the users of public transport, Nuzzolo and Comi 
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suggested the value of learning and updating the real time path 

generation system in accordance with the travellers’ 

preferences [38]. In addition, the application of the utility-

based approach was suggested to be an effective approach 

because of its concentration of the different paths’ attributes 

and parameters with respect to the case of the users of public 

transport.  

Intelligence Transport System (ITS) is among the areas, where 

the applications of AI have seen rapid developments. The 

purpose of these systems has been to alleviate congestions, 

while improving the driving experience through the use of 

numerous communication and technologies. The AI helps in 

capturing critical data that can be further integrated with the 

machine learning technology [39]. For instance, Liu elaborated 

on the application of the deep reinforcement learning for real 

time optimisation of the policies associated with traffic control, 

which are embedded into the large scale ITS systems [39]. 

Furthermore, Ferdowsi et al. further confirmed the value of AI 

by suggesting that deep learning systems have empowered the 

ITS devices, while improving their functionalities given the 

cases of signal processing as well as fast computing analytics 

[40].  

The continuous development of the ITS can result in increased 

data complexity in the future; thereby making it necessary to 

find features and patterns through deep learning techniques. 

Doing so, can help in ensuring more connected and advanced 

transportation systems. In this context, Wang et al. considered 

the use of fuzzy methods and genetic algorithms for the purpose 

of controlling traffic signal systems at different intersections. 

‘NeverStop’ was proposed through the use of ITS system [41], 

which relied on the use of RFIC sensors, and the findings 

indicated that this was among the effective methods through 

which the average waiting times for the vehicles can be 

reduced. In addition, Gilmore developed two Neural Networks 

(NNs) so that the roads can be managed more efficiency 

through the use of microscopic simulated data [42]. The first 

NN system focused on controlling the traffic signal; meanwhile 

the second focused specifically on the prediction of the future 

traffic congestions.  

Lastly, Fries et al. [43] and Nuzzolo and Comi [44] argued 

about the use of reinforcement learning so that the systems’ 

parameters and cycle length can be updated with the change in 

the periodic flow. This makes AI a dynamic research area given 

the case of transportation management, which has presented 

several innovative and technologically advanced methods to 

improve the decision making, planning and the management of 

the road.  

 

2.1.1. Incident Decision 

Over the years, several attempts have been made for the 

purpose of establishing identity, time, location and severity of 

incident so that the traffic managers can be supported for the 

purpose of mitigating congestions. These attempts have been in 

the form of manual reports as well as automated algorithms, 

and Neural Networks. In particular, the manual reports are 

developed and written by humans, which means that there is 

always a possibility of delays in the detection of the incidents; 

thereby making them costly. On the other hand, algorithms are 

focused on measuring the flow characteristics pre and post 

incidents, where the data is collected through the sensors along 

the road. For incident detection, California Algorithm was first 

statistical technique to detect incidents; however, it has been 

reflected that arterial roads make it difficult to use algorithms, 

since there are traffic signals as well as street parking.  

This might be considered one of the many reasons that Neural 

Networks approaches have been commonly used for the 

purpose of developing algorithms. Dia and Rose argued about 

the classification of NN algorithm, and its evaluation given the 

case of detecting incident occurrence in freeway [45]; whereas 

Stojmenovic elaborated on the need of finding an effective 

software package that can detect all vehicles’ objects in real-

time [46]. This is the reason that AdaBoost software was 

recommended to be used for the purpose of accurate image 

detection. On the other hand, Wang and Work proposed 

considering IMM ENKF algorithm so that the incidents can be 

detected given hybrid state problems [47]; thereby leading to 

the development of more advanced and accurate algorithm 

‘Efficient Multiple Model Particle Filter’ (EMMPF) so that the 

incidents can be detected on highways through the use of both 

field and simulated data.  

Real time incidents have been indicated to be detected through 

social media as well, and this has been discussed in the findings 

of Gu et al. In particular, the authors demonstrated its 

application over Twitter, which was cited to be an efficient and 

cost-effective techniques that can help in acknowledging the 

occurrence of incidents on both arterial roads and freeway [48].  

 

2.1.2. Predictive Models  

The need to have advanced methods for the purpose of 

predicting traffic information can be attributed to the rapid 

development in Intelligent Transport System. In this context, it 

has been identified that the application of these methods have a 

critical role in the success of the ITS subsystems like advanced 

traffic management system, advanced traveller information 

systems and commercial vehicle operations. Mahamuni [49] 

recognised that the ITS are developed through the use of 

historical data, which are extracted from the sensors attached to 

the roads, which are then used as an input in the AI algorithms 

and machine learning for short and long-term as well as real-

time predictions.  

Simple Feedforward Neural Network was used for the purpose 

of predicting flow of short-term; for instance, Ledoux worked 

on NNs, where one of the layers was hidden to the overall urban 

traffic control [50]. This helped in demonstrating the ability of 

strongly predicting the flow of the traffic up to 1 minute 

through the use of simulated data only. On the other hand, Dia 

considered the use of field data from 1.5 kilometre section of 

highway in Queensland [51]. Doing so helped the author in 

predicting the speed of the vehicle for 5 minutes into the future, 

and had accuracy percentage of 90-94. It is worth mentioning 

that when flow and speed are being used as an input in the 

network, it can help in predicting the travel time for 

approximately 15 minutes, which can be argued to be accurate 

as speed prediction.  
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Another example has been presented in the study by Lv et al., 

where a deep NN was developed by the authors for the purpose 

of predicting the flow of traffic by 60 minutes into the future 

[52]. The data, in this context, was collected from freeways 

across California, and unsupervised stack of auto-encoder 

(SAE) model was used, which was then trained through the use 

of greedy layer-wise algorithm. The important features of the 

traffic flow were extracted as the output was fed back, as an 

input into the network, and the application of the supervised 

logistic layer further made it possible to predict.  

Another AI technique that has been able to predict the flow of 

traffic has been presented in the study by More et al. [53] where 

the authors worked on the development of a simple recurrent 

NN for the purpose of short-term forecasting. This was done 

through the application of Jordan’s NN. It was further stated 

that the Jordan’s NN was different from the conventional 

feedforward network because of the context layer’s addition, 

which was responsibility for the storage of previous 

information, while acting as a memory box. The already stored 

information (t-1) was feedforwarded to the hidden layer with 

the input at time (t). Doing so helped the network in predicting 

the subsequence, which is the reason that it is commonly 

termed as Jordon’s Sequential Network as well. With their NN 

at work, the authors were able to prove that the network that 

accuracy of the network can be improved by increasing the 

number of the neurons in the hidden layer, when compared with 

the number of input neurons. Also, the authors were able to 

identify that 0.5 was the learning rate, and that the decrease in 

iterations can result in improving the prediction accuracy 

between 92-98 per cent.  

In the 21st century, Uber as a ride-hailing service has played an 

instrumental role in collecting massive amount of data. In this 

context, Yao et al. elaborated that AI can play an instrumental 

role because of the data [54], which can be used not just in 

predicting the demands from the passengers, but also in terms 

of avoiding empty vehicles, which in turn can help in reducing 

the congestions as well as energy consumption. Furthermore, 

the authors proposed deep learning model using Multi-View, 

Spatial and Temporal Network, which can help in scaling ride-

sharing and ride-hailing demands, but this was more 

specifically based on DiDi Chuxing in China. The combination 

of local CNN capturing data from local regions in specific 

reference to their surrounding areas [56], and Long-Short Term 

Memory Network (LSTM) for the purpose of modelling 

temporal features. The authors were able to demonstrate 

superior performance given the application of this particular 

mode [57].  

 

2.2. Public Transportation and Artificial Intelligence  

The advancement of the technology as well as computer 

science has been of instrumental importance, given the fact that 

it has made the data collection process more approachable and 

reliable. Given the fact that public transportation has remained 

unstructured and dense; there is greater need to model the 

public transportation in more effective manner so that the data 

obtained can be optimally leveraged and taken full advantage 

of.  

2.2.1. Shared Mobility  

In urban cities, where sharing economy has gained momentum, 

and has shown signs of being promising given the mobility can 

help in reducing the traffic congestion and pollution, especially 

in the inner-city. This can be possible through the application 

of AI and its abilities of providing strategies that may help to 

remove the less occupant or single personal vehicle from the 

road. This can be acknowledged as a win-win strategy, since it 

would not just result in the provision of short-term socio-

economic benefits, but can also help in efficient long-term 

sustainable solutions. This is only possible through the 

adoption of AI that can help in mitigating environmental 

impacts as well as traffic issues.  

Airbnb and Uber being among the pioneers of sharing 

economy, it has been identified that the momentum of it rests 

within the Transportation and Accommodation sectors [59].  

With respect to the case of transportation sector, AI can play an 

instrumental role in further development of the business models 

through which the new-shared mobility services can emerge 

that may ensure sustainable transportation system, and may 

even help in addressing the gap to fit the demand with the 

supply in an effective manner [55, 60]. More specifically, the 

attention of the users has been driven based on the possibility 

of sharing rides, cars and even bikes; all of these shared 

mobility options can be critical in addressing the major 

shortcoming of ‘first-mile, last-mile’. 

The integration of AI technology can benefit the shared 

mobility, more specifically in improving the experience of the 

customers as well as in streamlining the businesses. The 

provision of the personalised experience to the customers/users 

is only possible through shared mobility and integration of AI. 

For instance, Uber through the integration of AI has been able 

to suggest rider destination based on the ride history of the user. 

In addition, the introduction of the route-based pricing by Uber 

is dependent upon AI that helps in predicting the willingness of 

the riders to pay for destination, as well as given the factors of 

location and time of the day. Furthermore, the application of AI 

has helped the Uber operators in collecting data and analysing 

it to identify fraudulent drivers as well as strategies through 

which the fraudulent activities can be prevented. From this 

perspective, it can be argued that the future of the shared 

mobility has made it evident that AI can be beneficial with the 

driverless cars, which Inside Big Data identified to be more 

profitability.  

 

2.2.2. Buses 

Given the case of public transportation sector, the role played 

by buses is simply undeniable, and scholars have focused on 

making the bus destinations and journeys to be more reliable 

and safe. In this context, it has been identified that the 

application of Hybrid Ant Colony Algorithm can prove to be 

beneficial in managing the bus schedules, while enhancing the 

reliability and efficiency for the bus drivers [61,62]. 

Furthermore, it has been argued that the ANNs, in this context, 

are more efficient in terms of reducing the waiting time for the 

passengers, which can be achieved through the prediction of 

bus arrival time [63, 64]. This was further confirmed through 
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the study by Han et al., where iBus was introduced based on the 

dual mode architecture, where the processes were found to be 

much similar to human driver [65]. These three processes 

included; perception, decision making and taking actions 

through the use of hardware and software. This has been tested 

in China.  

Another prominent area worth looking into is the demand 

responsive public transportation, which through the use of AI 

advancements can be made flexible. These busses can offer on-

demand service, but this relies heavily on the data collection 

and analysis to ensure that the operations remain flexible, as 

well as the schedules and routes. The application of AI can help 

in ensuring that the services are able to offer door-to-door 

services, which would be much similar to the taxis, but at a 

fraction of the costs along with greater efficiency. Over the 

years, there have been several attempts to improve the 

operational efficiency of the conventional bus services, while 

ensuring that these can provide convenient services to the users. 

One of the most prominent example is of Optibus, which has 

been introduced through the use of AI-driven on-time 

optimisation solution [66], where the focus has remained on the 

reduction of delays as well as the provision of on-time services.  

 

3. LIMITATIONS OF AI TECHNIQUES  

Arguably, the application of AI for data collection and analysis 

purpose has received much attention in the 21st century, but the 

methods and techniques associated with AI have drawn much 

criticism, especially since its association with the transportation 

sector. One of the major limitations identified by Olden and 

Jackson was in the form of AI’s consideration of ANNs as 

‘black box’ [67]. From a more critical perspective, it has been 

identified that the relationship between the output and input is 

developed with the internal computation’s knowledge. At the 

same time, it has been identified that the ANNs has the ability 

of generalisation, specifically when there is a missing data or 

information [68-70]. However, the research studies by 

Kanungo et al. [68], Setiono et al. [69], and Dayhoff and DeLeo 

[70] focused on overcoming this particular limitation through 

the combination of the NN with traditional techniques, in 

addition to the Hybrid Solutions (AI tools) so that the problems 

can be fixed. However, the research by Harcourt recognised 

hybridisation for the purpose of improving the performance, 

especially in the multi-scenario as a general weakness of AI’s 

implementation in the transportation sector.  

 Another limitation identified, over the years, has been argued 

to be the ability of reaching the most optimal solution with 

respect to the AI tools like ACO and GA [71]. In addition, it 

has been recognised that the mathematical computations 

methods can be instrumental in providing information and true 

understanding of the problems’ internal structure as well as the 

solutions’ nature, unlike through the application of AI raster 

algorithms. However, it would become impossible to consider 

the application of traditional mathematical techniques, 

especially given the case of hard optimisation problems, which 

means that the algorithms can generate quick analytical results 

are more suitable and good approach, when compared with no 

solution. This can be further confirmed through the findings of 

Chowdhury and Sadek [71], where both the authors identified 

the application of these algorithms in reaching good solutions 

in majority of the cases.  

In the transportation, it is of exceptional importance to have the 

capabilities of forecasting both short and long-term flow of the 

traffic. However, the challenge identified in this context is 

related to the forecasting of adverse weather conditions as well 

as the unexpected events. Unfortunately, the focus of AI has 

not been on such instances, which means that there is no 

particular technique to tool available to do so; thereby calling 

on immediate attention on developing incident and weather 

responsive algorithms to ensure higher accuracy.   

 

4. FUTURE OF AI AND DEEP LEARNING  

The innovation in the form of deep learning has continuously 

helped in unfolding the mystery behind the ways in which 

voluminous data is generated in different industries. According 

to Grand View Research, deep learning technique had a market 

value of $272 million during 2016 [72], which was forecasted 

to grow because of the increasing capacity of data storage, 

followed by more accurate computing power, along with the 

abilities of managing complexity within voluminous data. 

Though, this value was based on the deep learning application 

with respect to image recognition tasks in healthcare sector as 

well as the facial recognition feature of Facebook. However, if 

the automotive and financial sectors along with the data mining 

sector are specifically taken into consideration, it would reflect 

that all of these sectors have continually improved their 

operations through the adoption and application of deep 

learning AI technology. In addition, the ability to recognise the 

data patterns to make future predictions based on data analysis 

has help reflected to result in the rapid growth of deep learning 

by 2025, which is expected to hit $10.2 billion [73].  

Studies, identified and analysed, in this report has helped in 

identifying the AI usage and the fact that the value of it can be 

further improved for the travel and transport sectors. It has been 

noted that the modern [74] AI’s deep learning NN can help in 

the provision of better value when compared with the 

traditional techniques, as reflected in Figure 2;  

 

The figure reflects that there are several benefits to be derived 

from the travel and transport related services; for instance, the 

application of the AI techniques can be used for the purpose of 

finding reliable and accurate, as well as optimum and fastest 

route for the convenience of the users, while further advancing 

the role to the delivery services. The detection of real-time 
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information can be further illustrated through the case of a 

European Company, which not only analysed the information 

from the roads’ sensors, but also considered the driver 

behaviour. Doing so, helped the company in reducing 15 per 

cent of their fuel costs, as well as it resulted in the minimising 

the delivery time. It is worth mentioning that the application of 

AI is not just related to land transportation, but can also help 

airlines in avoiding the costs of cancellation by more 

effectively predicting and forecasting the weather conditions.  

 

5. FUTURE RESEARCH WORK  

The findings of this research has clarified about ANN being a 

robust model because of its ability of covering multiple tasks 

associated with AI, and the fact that it does not concentrate or 

need deep understanding of the processes. The advantage of it 

also includes the relationship between the inputs and outputs 

for the purpose of recognising the patterns, which may further 

help in the management of voluminous data through the well-

adjusted and performance when surrounding by noisy data. The 

fast computation tool can help in reducing the time, while 

improving the performance. Arguably, there are several 

researches that have only focused on one or two of the traffic 

parameters for the purpose of developing the model, which 

means that the future researchers can focus on enhancing the 

predictive operations through the use of more than two features. 

In addition, the future researchers can further work on more 

than one hidden layer for the model’s structure.  

 

6. CONCLUSION  

Conclusively, this research has presented an overview of the 

AI’s application in a variety of transport related issues. The 

application of AI has been proven to be critical in increasing 

and improving the transportation system, which can become 

more instrumented towards the provision of much-need data for 

the development of application of AI. This research has focused 

on the core application areas, which the researcher believed and 

found to be more critical in terms of their influence on the 

public transportation, and more broadly the transportation 

system. 
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