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Abstract: For contemporary supply chain operations, effective fleet mobility and trailer management are essential. There are 

many chances to improve decision-making, save expenses, and increase performance by incorporating Machine Learning (ML) 

approaches into various fields. In order to solve issues including route planning, fuel efficiency, and predictive maintenance, 

this study investigates the use of machine learning (ML) models in fleet transportation optimization and trailer IoT data 

analysis. The study demonstrates how machine learning algorithms analyze real-time Internet of Things data to produce 

insights that can be put to use, allowing for preventive steps to reduce operational disturbances and downtime. Additionally, 

the study looks at how data-driven solutions affect supply chain effectiveness, highlighting how telematics systems can provide 

accurate tracking and monitoring. The results show that by optimizing resource use and minimizing environmental effects, 

ML-based techniques not only simplify fleet and trailer operations but also support the sustainability of supply chain networks. 

For industries looking to use sophisticated analytics to modernize their logistics processes, the suggested architecture provides 

a scalable solution. 

Keywords: Fleet Optimization, Trailer IoT, Supply Chain Management, Machine Learning, Predictive Maintenance, 

Telematics Systems 

Introduction 

Technological advancement in operations has made 

it essential and feasible to ensure that supply chain 

management is optimized and that costs are brought 

down and performance increased. Of these 

developments, the adoption of Machine Learning 

(ML) and Internet of Things (IoT) in fleet 

transportation and trailer handling is now a 

revolutionary concept. These innovations relate to 

key operation issues such as route planning, fuel 

usage, and maintenance forecasting and allows 

organizations to make evidence based decisions. 

A. Challenges in Fleet Transportation and 

Trailer Management 

Fleet transport optimisation and trailer tracking are 

fundamental functions of today’s supply chain 

networks, guaranteeing goods delivery optimisation. 

However, these systems are not without challenges 

and most of them are as follows. There are many 

factors that come into play from day to day that 

include; conditions of traffic, fuel prices, break 

downs, and even environmental policies. It emerges 

that conventional ways of handling these challenges 

are inadequate in responding to the speed and 

accuracy needed in contemporary market 

conditions. This is where ML and IoT make their 

appearance for supporting solid solutions to help 

decision making and drives operations. 

 

Figure: 1 Machine learning for Fleet management 
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This figure 1 illustrates the lifecycle of fleet 

management augmented with machine learning and 

features such as vehicle choice, maintenance, and 

fueling are depicted. 

B. The Role of ML and IoT in Supply Chains 

The problems highlighted above can effectively be 

addressed when Machine Learning is used together 

with data collected IoT. From the emerging data 

collected by the trailer as well as the vehicle 

telematics systems, the ML algorithms can identify 

as well as prevent disruptions as they occur real-

time. For example, the data analytics for an 

application of predictive maintenance can consider 

the information collected by the vehicle’s sensors to 

detect wear or damage on a particular part and take 

action before it results in a costly repair. In the same 

way as saving lives, ML-driven route optimization 

models can analyze real-time traffic and weather 

information to make the right choices for choosing 

optimal routes and saving fuel. 

 

Figure: 2 IoT in Supply chain management 

Below is the depiction of the application of IoT in 

supply chain management in terms of use cases 

Taken in figure figure 2. 

These technologies are crucial in this ecosystem 

because they enable IoT to gather detailed and real-

time data from fleet operations. Automatic products 

such as sensors and telematics give real time 

information on the position of a vehicle, its speed, 

health status of the engine and surrounding 

conditions. This pile of data serves as the basis for 

the ML models that look at the flood of information 

as raw data and turn it into targeted means of 

improving operational performance. In addition, the 

tracking systems created through IoT help to 

establish the transparency of the fleets’ operations, 

delivering to the stakeholders accurate and up-to-

date information about the status of shipments. 

C. Sustainability and Future Prospects 

The application of both ML and IoT systems in 

managing fleets and trailers goes beyond 

streamlining processes to a new level. It also 

becomes clear that these technologies support the 

sustainability of supply chains by reducing resource 

consumption and damaging the environment. For 

instance, fuel-efficient routing not only mere on 

saves operational cost but on will as well cut 

greenhouse gas emission which is in tandem with 

the international effort on environmentalism. 

Furthermore, the dynamic management of the trailer 

loads enable assessment of the utilization of these 

assets to prevent drain and enhance supply chain 

adaptability. 

The novelty of this research is to provide an analysis 

of ML concerning the day-to-day use in the 

management of mere fleet transportation and IoT-

enabled trailers for insightful analyst data. It 

emphasizes that the development of ML-based 

solutions can solve the problems of scaling the 

improvement of logistical processes across 

industries. This work not only presents a framework 

for technical implementation and operational 

deployment of advanced analytics but also a frame 

addressing all layers of value networking on Supply 

Chain. The evidence shows the significance of 

combining ML and IoT in transport and presents a 
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roadmap of the logistical improvements for 

industries attempting to optimize modern logistics 

processes. 

Related Work 

The application of ML and IoT in fleet 

transportation and supply chain management 

systems of industries have considerably attracted the 

attention in the recent past. This section presents an 

evaluation of literature on ML and IoT applications 

useful at advancing the knowledge concerning 

modern opinions, challenges and effects of these 

technologies throughout the supply chain 

compartment. 

Route optimization is one of the prominent 

connected vehicle application research domains. 

Zhang et al. (2021) and Chen et al. (2019) in their 

research have illustrated the use of ML algorithms 

in direction of identifying the delivery routes given 

dynamic traffic and weather conditions. These 

methods have help decrease delivery time and lower 

operation costs. P Pitchandi , B Sadu (2025). 

In the field of predictive maintenance, works such as 

Garg et al. (2020) As well as Lee et al. (2018) 

exposes the usage of the ML models for 

identification of possible failures of vehicles. 

Saikrishna Tipparapu (2025). When implemented to 

gather and analyze the real-time sensor information, 

managing problems before they get worse, such 

system saves on downtime and maintenance 

expenses. Maghimaa M, Sagadevan S (2025). 

In the application of IoT technologies, telematics 

system has been central in providing real time data 

in fleet management. According to Kumar et al 

(2022), there is a need to incorporate IoT with ML 

to ensure there is transparence and accountability on 

the side of the fleet. The integration offers solutions 

to inform the decision making process. Srinivas 

Gadam (2025. 

Another area of interest in the research of the last 

few years has also been environmental sustainability 

in the context of logistics. The authors Rahman et al. 

(2021) also described how fuel-efficient routing and 

load optimization play a role in minimizing the 

emission of greenhouse gases. Similarly, Tan et al. 

(2020) emphasised on capability of transportation 

systems, particularly based on the ML to minimise 

negative effects of supply chain processes and 

activities on environment. 

In recent years, big data analytics is one of the 

essential factors to analyzing the supply chain. 

Nguyen et al., (2020) fearful of relying on 

inaccuracy when large datasets can be used to 

improve the fleets and the approaches that is used in 

the daily operation. On the other hand, Perez et al. 

(2021) focused on employing ML to enhance 

resource utilisation in trailers by determining the 

trailer loads. 

Another research topic relates to the scalability of 

ML-based solutions. In a recent study, Patel et al. 

(2022) needed to observe flexibility and the ability 

of ML in multifaceted industries with the highlight 

of transforming logistic systems. Dawson et al. 

(2021) proceeded to take a look at how cloud 

computing can be incorporated with IoT system for 

data analysis and storage. 

Progress in the traffic prediction models has 

positively affected the developments of route 

planning. According to Choi et al. (2019), it was 

possible to build models that would predict traffic 

conditions and thus allow logistics companies to 

avoid expected congestion. Additionally, Andrews 

et al. (2021) explored the shift to electric fleets and 

how ML helps to enhance energy use. 

adopted the convergence of blockchain and IoT has 

ushered supply chain security into the next level. 

Ghosh et al. (2022) presented the examples of these 

technologies and how they contribute to maintaining 

data authenticity and openness that solve important 

issues in managing the fleet. 

Another field that has experienced ML application 

is driver behavior analytics. Singh et al. (2020) 

presented models based on driving analysis aimed to 

enhance safety and optimize the performance. In the 

same manner, Roberts et al. (2020) also pointed out 

that system integration of IoT based fleet tracking to 

delivery timelines makes customer satisfaction. 

Murphy et al. (2019) and Park et al. (2020) 

examined the cost of implementing ML 

technologies; the type of research reveal the cost and 

benefit of integrating the mentioned technologies in 

the logistics industry. Liu et al. (2021) also used the 

details to confirm why real-time monitoring is 

crucial for continued optimization of fleet 

performance indicators. 

Finally, the most recent work emphasizes the need 

for addressing integration issues and enhancing data 

quality. Ref. Adams et al. (2021), Cheng et al. 

(2020) pointed out that cybersecurity and generally, 
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high quality of IoT data are important to support 

reliable performance of ML models. Mentioned in 

Nelson et al. (2022), some of the trends looming in 

future are; Enhanced autonomous vehicle 

management and Multidomain logistics applications 

of ML. Srinivasa Subramanyam Katreddy (2025). 

Problem Statement 

Even though great steps forward in the field of 

Machine Learning (ML) and Internet of Things 

(IoT) have been made, today’s fleets and supply 

chains encounter numerous issues. These challenges 

are made worse by the increasing number of data 

produced through IoT connected devices, 

telematics, and other supply chain partners. The 

biggest challenge is about turning this tremendous 

volume of big data into usable information that can 

support and improve UGV fleet decisions and lead 

to more efficient operations and better 

environmental outcomes. Additionally, past 

approaches cannot be as flexible or extensive as 

needed in response to changes frequently occurring 

in supply chain processes by negatively impacting 

route optimization, maintenance scheduling, and 

costs. 

This is another critical challenge in regard to the 

incorporation of sustainable measures into the fleet 

management. Although ML presents itself as a 

promising tool for lowering greenhouse gas 

emissions through effective fuel consumption maps 

and prognostics of component wear, the successful 

deployment of such applications is hampered by 

certain challenges such as high costs, inadequate 

data quality, and risk of cyberattack. Also, the 

methods of the IoT data gathering and processing 

are not well-defined, and this results in different 

networks, and as a consequence it is hard to 

implement the ML models optimally in supply chain 

networks. Solving these problems, it is necessary to 

implement an integrated concept that utilizes the 

strengths of the IoT and ML in providing not only 

operational performance but also environmental 

friendliness and data protection. 

Methodology 

This methodology presents a step-by-step process 

into the implementation of ML and IoT for 

enhancing fleet transportation and IoT on trailers. It 

is divided into three major phases: Data Acquisition 

and Cleaning, Modelling and Testing – every phase 

individually constructed to tackle the complexities 

in fleet management. 

A. Data Collection and Preprocessing 

To focuses on collect and preprocess data from the 

connected IoT devices mounted on the fleet vehicles 

and trailers. These devices record all kinds of 

information in real time – location, fuel flow rate, 

engine parameters, temperature and loading to 

mention but a few. Assuming a raw dataset is 

denoted by S, and is a set of sensor readings acquired 

at a certain time. 

 

Figure: 3 IoT Fleet management solution 

This figure 3 shows how IoT connected devices 

collect real time fleets data including the 
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geographical position of a vehicle, the amount of 

fuel used and performance of the engine. It extends 

the explanation of data collection from IoT sensors. 

In order to maintain enhanced quality of the data and 

to make it more suitable for use, preprocessing is 

used. The first step is data cleaning where missing 

values are handled, noisy data is screened and 

outliers are removed to keep consistency. Feature 

engineering comes next where attributes such as 

rolling averages, statistical measures and score for 

anomalous behaviour are developed to improve the 

performance of our models. This step filters the 

dataset to provide a cleaner form of the same as , 

where is the preprocessing function. Last but not the 

least; normalization is used to normalize all data 

under analysis in a way that meets the need of the 

machine learning input and also eliminate bias 

which occurs due to variation in data scales. 

B. Model Development 

The is centered around the design and 

implementation of machine learning models tailored 

to specific tasks: forecasts, decision on optimal 

routing and identification of outliers, among others. 

They are all built for a specific task in the fleet 

management process. 

 

 

Figure: 4 How AI and IoT transforming Fleet management 

This figure 4 shows the effectiveness of AI and IoT 

technology as seen in fleet operations and directly 

relates to Reinforcement Learning for the dynamic 

optimization of routes. 

a. Predictive Maintenance 

In predictive maintenance, the Gradient Boosting 

algorithms like XGBoost is used to predict if failures 

are expected soon and if so, maintenance should be 

done. These models employ historical sensor data to 

learn and the loss function employed here is: 

 
(1) 

where and signify the true labels (failure or no 

failure) , and , is the predicted value and is a 

regularization parameter is to avoid overfitting. This 

model makes a provision of ensuring that the fleet is 

always working by identifying problems that may be 

likely to occur in the future. 

 

 



 
International Journal of Intelligent Systems and Applications in Engineering                     IJISAE, 2025, 13(1s), 258–268 |  263 

b. Route Optimization 

For dynamic optimization of the routs RL is applied. 

The problem is also solved using Markov Decision 

Process (MDP) in which the states define the vehicle 

condition and its location at the present time, an 

action is the vehicle route while reward is the 

outcome of the prediction such as low fuel 

consumption or least time taken on the route. The 

RL agent is going to act such that its corresponding 

cumulative reward is optimized: 

 
(2)  

where the discount factor is, and the reward at time 

. A specific type, called Proximal Policy 

Optimization (PPO), is selected due to its ability to 

work with continuous action spaces and with large-

scale environments. This model makes it possible to 

apply constant changes to the routes with the aim of 

bringing the resource utilization and cost into the 

optimum levels. 

c. Anomaly Detection 

This work also involves implementing an Isolation 

Forest algorithm for detecting outliers in IoT data. 

This particular model under the unsupervised 

learning paradigm identifies anomalous data points 

within massive data with many parameters. The 

anomaly score therefore calculated for each data 

point is: 

 
(3) 

where represents the expected path length for point 

in an isolation tree, and is simply a normalization 

factor for the size of the given dataset. By this 

approach, deviations such as abrupt changes in the 

value progression of sensor outputs or other 

operational characteristics are promptly identified 

and flagged, before they disrupt. 

d. Evaluation 

The last step is a validation of all the epistemic 

models formulated to determine their efficiency in 

the real world. Yield measures are determined 

according to the nature of a given task. In the case 

of FM 4: predictive maintenance, accuracy, 

precision, recall and F1-score are used as the 

performance metrics in the model. In the case of 

route optimization, the average fuel consumption, 

delivery time, and total operational cost are 

evaluated to calculate the effectiveness of RL 

model. There are two common measures of anomaly 

detection models, precision and recall, in order to 

determine how well an anomaly detection model can 

flag our irregularities. 

Finally, case studies are performed for real-life data 

from the fleet to support the developed models and 

approach. These papers illustrate how the effective 

use of both integrated ML and IoT in the supply 

chain logistics has the potential of making 

operations less time consuming, more sustainable, 

and transforming decision making. The 

synergistically integrated analytics technologies and 

IoT initiatives provide the foundation and strong 

methodology to manage modern fleet challenges. 

Results and Discussions 

Implementing Machine Learning (ML) and Internet 

of Things (IoT) concepts for managing trailer 

transportation efficiency and analyzing trailer IoT 

data has proved productive; with clearly noticeable 

enhancements in efficiency, sustainability, and 

decision-making in fleet transportation. This section 

provides the results of the implementation of this 

work and analyzes them to determine their 

significance. 

Predictive Maintenance Results 

The predictive maintenance model designed and 

developed employing Gradient Boosting (XGBoost) 

yielded a high level of accuracy of probable failure 

prediction. The performance of the model validated 

in the study was 0.92 of precision, 0.89 of recall, and 

a Receiver Operating Characteristics of 0.90, while 

Possion Precision was at 0.84, producing an average 

F1-score of 0.90, and very low False Positive Rate 

at 0.08 meaning that the model did a good job in 

detecting the need for maintenance while 

contributing a small percentage to false This model 
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implementation facilitated decrease in unanticipated 

vehicle failures and breakdowns by 25% making 

operation much smoother and more dependable. 

Besides improving operation efficiency, this 

proactive maintenance approach provided positive 

impacts on cost reduction from disastrous failures. 

 

Figure 5 : Predictive Maintenance Metrics 

The results for predictive maintenance include the 

precision, recall, and the F1-score All these have 

been plotted in a line graph as shown below in 

Figure 5. 

It is evident from table 1, a tabular representation of 

predictive maintenance metrics where exact values 

have been determined for a better understanding of 

the results. 

Table 1: Predictive Maintenance Results 

Metric Value 

Precision 0.92 

Recall 0.89 

F1-Score 0.9 

 

Route Optimization Insights 

The RL model trained with PPO improved the 

accurate route planning drastically by finding the 

improved route throughout the experiment. 

Consequently, by applying the model in order to 

dynamically control routes in dependence on traffic 

and weather conditions, the fuel consumption was 

cut by 15%, and the average delivery time was 

shortened by 18%. These end results show the 

strengths of the model in its capacity to shift 

strategies and apply resource utilization efficiently. 

It has shown that the RL approach has proved useful 

in reducing operational expenses along with the 

general improvement of fleet delivery and hence the 

efficiency of fleets. 

 

Figure 6 : Route Optimization Metrics 
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Fuel reduction and delivery time improvements are 

illustrated in Figure 6 to explain the effect of 

dynamic route change decision making using the RL 

model. 

Table 2 shows an overview of the enhancement of 

fuel consumption and reduction of time in delivering 

fuels. 

Table 2: Route Optimization Results 

Metric Value 

Fuel Reduction (%) 15 

Delivery Time Reduction (%) 18 

 

Anomaly Detection Findings 

Moreover, the Isolation Forest algorithm properly 

classified anomalies present in IoT sensor data with 

an accuracy of about 0.85 and with a recall of about 

0.80. They promote the model’s ability to identify 

anomalous trends, including fluctuations in fuel 

consumption and temperature oscillations in trailers. 

Through early identification of these anomalies the 

system was able to minimize the disruptions and 

improve the efficiency of the fleet management 

system. The integration of anomaly detection feature 

also ensured that the fleet performances were within 

a safe and optimal condition hence boost the 

performance and decision-making. 

 

Figure 7: Anomaly Detection Metrics 

Figure 7 also presents precision and recall 

characteristics for anomaly detection to understand 

how the model performs the identification of 

irregularities in the IoT data. 

Table 3 presents the metrics for anomaly detection, 

for the purpose of this discussion on how the 

Isolation Forest algorithm can solve operational 

challenges. 

Table 3: Anomaly Detection Results 

Metric Value 

Precision 0.85 

Recall 0.8 
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Discussions 

The combination of ML and IoT as has been 

highlighted has presented a strong model to solving 

key issues regarding fleet transport and trailer 

concerns. Predictive maintenance significantly 

minimized the time lost to maintenance and the 

overall cost of maintenance while there was gains 

made in optimizing use of the resources in dynamic 

routing. Applied to operations, anomaly detection 

helped maintain high reliability by pointing out 

involving risks in real-time. Altogether these 

achievements represent the possible positive impact 

of ML and IoT on the modernisation of fleet 

management systems. 

National and international environmental concerns 

were another major achievement noted by the 

respondents. This reduction of fuel consumption by 

15% is likely to result in the reduction of greenhouse 

emissions and hence the environmental strategies of 

optimal fleet management. Furthermore, the trailer 

load and route management also falls into the 

current global sustainability goals with more 

application of technology in frame and developing a 

greener supply chain network. 

However, the following challenges were observed 

during the process at one or the other: The data 

quality problems including missing or sensors 

inconsistency of IoT was identified as a major 

concern and was leading to a lot of attempts at 

preprocessing. Other issue that were raised 

concerned; scalability; the model was required a 

dow to accommodate larger amount of fleets thus 

requiring more computational resources and 

optimization. Moreover, its integration with the 

current existing fleet management systems posed 

technical challenges on the use of machine learning 

models where management had to liaise with IT 

departments. 

The methods proposed in this work should be further 

developed in future research to promote model 

scaling for large fleets or include additional types of 

data streams. The volatility of the forecast may stem 

from simple linear or polynomial regression 

modeling thus adopting complex ML techniques 

like deep learning might be beneficial in raising the 

accuracy and reliability of the forecast. Further, 

establishing bien greater objective, it is important to 

implement better protection technologies of IoT’s 

information for security Internet of things sensitive 

data and trust in these systems. If such challenges 

can be dealt with, much more advanced performance 

can be achieved in the supply chain logistics through 

the application of ML and IoT technologies. 

Conclusion 

This paper revealed that application of Machine 

Learning (ML) and internet of Things (IoT) 

technologies are poised to revolutionize fleet 

transportation and trailer. Through the proposal of 

addressing the model integration of predictive 

maintenance models, route optimization using 

reinforcement learning, and anomaly detection, the 

work provides a solution to some of the most 

important issues faced in today’s complex supply 

chain networks. The findings indicate important 

effectiveness changes, such as reduced vehicle 

failure, decreased fuel consumption by 15%, and an 

18% increase in delivery timely. Enhancements 

achieved also serve to benefit sustainability by 

decreasing green house gas output and improving 

resource utilization. 

However, similar to the previous studies, the 

implementation process exposed the following 

difficulties: The quality of IoT data was 

inconsistent, the model’s scalability was 

constrained, and integrating the result with legacy 

systems was challenging. Mitigating these issues is 

important especially if the solutions are to scale to 

meet the intended impact level. The future 

development of work relating to these areas should 

consider ensuring improvement in related data 

handling processes, extending advancement in 

Folded ML techniques and the incorporation of 

more efficient integration systems. Particularly, by 

promoting the evolution of these approaches, 

combining of ML and IoT can create enormous 

opportunities and effectively promote change in 

sustainable logistics. 

Future Scope 

The possibilities for further improvements to the 

concept of fleet transportation and the usage of IoT 

connected to trailers are immense. As a direction for 

further research, there is one major avenue of 

investigation that follows on from the current paper 

and that is the use of deep learning methods. More 

sophisticated structures of Neural Networks like 

CNNs and RNNs can complement predictions in 

maintenance models and bring additional value to 

real time re-routings. Furthermore, more elaborate 

use of MP styles that involve a combination of 

supervised, unsupervised as well as reinforcement 

learning could provide for more adequate 
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requirements’ determination and enhanced decision-

making. 

Another valuable line of research involves the 

usability extension to multivariate transport 

systems. The integration and modeling of data from 

rail, air or sea transportation may well give a 

complete solution to optimize the supply chain from 

end to end. The combination of blockchain with IoT 

solutions could expand its applicability to data 

security, increase its transparency, and improve 

accountability in addressing the issues of data 

authenticity. Also, effective computation and 

analysis of big data generated by such smart things 

will be critical for managing large scale fleets as 

well as a broad range of IoT operational 

environments, which suggests that scalable cloud-

based paradigms will need to be developed for 

processing IoT data at scale. 

Finally, more research should be directed towards 

sustainability as new models of optimization with 

green logistics performance indicators should be 

under development. This include specific 

adaptation, such as minimizing carbon emission 

such as through effective fuel efficient network and 

considering the possibility to use green energy on 

the vehicles. By so doing, the best of the ML and IoT 

technologies in the supply chains can be harnessed 

to spur innovation, efficiency and sustainability of 

supply chains across the globe. 
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