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Abstract: In this paper, Overtaking wide-range vehicles—such as trucks, buses, and agricultural 
machinery—poses significant safety challenges on modern roadways. These large vehicles often obscure 
visibility, occupy multiple lanes, and require greater maneuvering space, increasing the risk of collisions 
during overtaking maneuvers. This paper explores regulatory measures and intelligent traffic 
management strategies to enhance safety and efficiency during such overtaking scenarios. It examines 
existing road safety guidelines, the impact of vehicle dimensions on overtaking behavior, and the role 
of advanced driver-assistance systems (ADAS) and vehicle-to-vehicle (V2V) communication. The study 
also proposes a framework for dynamic overtaking zones, sensor-assisted decision systems, and 
regulatory signage tailored for wide-range vehicle encounters. By integrating policy recommendations 
with technological innovation, this work aims to reduce overtaking-related accidents and promote safer 
driving practices on mixed-traffic roads. 
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I. INTRODUCTION 

Overtaking is a common yet potentially 
dangerous maneuver on roads, especially when 
it involves wide-range or oversized vehicles 
such as trucks, buses, agricultural equipment, 
and construction vehicles. These vehicles, due 
to their considerable width and length, occupy 
more space on the roadway and often obstruct 
the overtaking driver's line of sight. As a result, 
overtaking them demands more time, greater 
awareness, and increased lateral and 
longitudinal space, which is not always 
available on typical roads. 
 
In many cases, drivers underestimate the 
difficulty and risk associated with overtaking 
wide vehicles, leading to traffic collisions, near 
misses, and traffic congestion. The situation is 
further aggravated in areas lacking adequate 
road markings, warning signs, or regulatory 
guidelines. Current traffic regulations may not 
sufficiently address the complexities involved in 
such scenarios, particularly on single-lane 
highways, rural roads, or in mixed-traffic 
environments where slow-moving and fast-
moving vehicles share the same infrastructure. 

 
This study addresses the pressing need to evaluate 
and improve the existing regulatory framework 
governing overtaking practices involving wide 
vehicles. It aims to analyze driver behavior, assess 
accident data, and review best practices in traffic 
management to propose a set of evidence-based 
recommendations. Additionally, the integration of 
intelligent transport systems (ITS), such as smart 
road signs and vehicle communication technologies, 
is considered as a modern solution to enhance safety 
during overtaking maneuvers. 
 
By focusing on this niche yet crucial aspect of road 
safety, the study contributes to the broader goal of 
reducing traffic accidents, enhancing driver 
awareness, and improving overall traffic efficiency 
on roads shared by a diverse range of vehicle types. 
Wide-range vehicles pose a unique set of challenges 
for other road users. Their large blind spots, slow 
acceleration, and significant road occupancy can 
cause limited visibility for the overtaking driver. 
Overtaking such vehicles demands longer 
overtaking distances, better judgment, and more 
precise timing. On undivided roads or narrow 
highways, this creates dangerous situations—
especially when approaching curves, hills, 
intersections, or pedestrian crossings. In modern 
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transportation systems, the safe and efficient 
movement of vehicles is essential for economic 
growth, public safety, and quality of life. One of 
the most critical yet often overlooked driving 
maneuvers is overtaking—particularly when it 
involves wide-range or oversized vehicles. 
These include long-haul trucks, buses, trailers, 
farm equipment, and experimenting with 
additional machine learning methods to enhance 
prediction accuracy. 
 

II. RELATED WORKS 

Sayed et al. [1] the dynamics of overtaking are 
influenced by factors such as the relative speed 
of vehicles, the visibility of the road ahead, and 
the vehicle types involved. Specifically,the 
presence of WRVs introduces additional 
complexity due to their large size, slower 
speeds, and frequent lane blocking. 

Arlaftis et al. [2] found that overtaking 
maneuvers are more likely to result in accidents 
when the vehicles being overtaken are 
significantly larger than the overtaking vehicle. 
Drivers may misestimate the time and distance 
needed to pass, leading to risky maneuvers. 

Zhou et al. [3] evaluated the effect of variable 
speed limits (VSL) and lane usage on overtaking 
behavior. They found that speed regulations 
tailored to specific road segments,especially 
those involving WRVs, can improve traffic flow 
and reduce overtaking-related accidents. 
examined the role of advanced traffic control 
systems that monitor traffic density and the 
movement of WRVs in real-time. These systems 
could advise drivers through dynamic signs 
about the best moments to overtake or warn 
them of potential hazards.  

Chen et al. [4] proposed the use of V2V 
communication in trucks to warn drivers of an 
approaching overtaking vehicle. By transmitting 
information about the truck’s speed 
andtrajectory to nearby vehicles, the system 
aims to reduce the likelihood of unsafe 

overtaking maneuvers Additionally, the use of 
machine learning algorithms to predict overtaking 
behavior has been suggested. For instance, 
Gonzalez et al. (2018) created a predictive model 
that estimates the optimal time for overtaking based 
on vehicle speed, road type, and weather. 

Xu et al. [6] analyzed how adverse weather 
conditions reduce the visibility of vehicles ahead, 
thereby complicating the decision-making process 
during overtaking. They found that drivers are less 
likely to attempt overtaking maneuvers during 
inclement weather, especially when overtaking 
WRVs. These findings emphasize the need for road 
design modifications (e.g., improved lighting, better 
road markings) and additional safety measures in 
these conditions. Poor visibility during bad weather 
increases hesitation and unsafe overtaking attempts. 

Börner et al. [7] proposed using agent-based models 
(ABMs) to simulate and evaluate the behavior of 
individual drivers attempting to overtake WRVs 
under different road conditions. Their model 
showed that, while traffic density is a key factor in 
safe overtaking, optimal overtaking behavior can 
also be influenced by the driver's previous 
experiences and the car's technological assistance 
features. Simulation models can evaluate multiple 
overtaking scenarios, helping to design roads and 
regulations that facilitate safe passing maneuvers. 

Martin et al. (2022). [9] investigated the 
relationship between driver fatigue and overtaking 
behavior on highways. They found that drivers were 
more likely to make unsafe overtaking maneuvers 
when fatigued, especially when attempting to pass 
large vehicles like trucks. Fatigue made drivers 
overestimate the time required to complete the 
overtaking process, resulting in late or poorly 
executed decisions. Another significant factor in 
unsafe overtaking maneuvers is driver fatigue. Long 
hours of driving, particularly on highways where 
wide-range vehicles are prevalent, can impair 
judgment and lead to risky overtaking decisions. 
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III. RESEARCH METHODOLOGY 

The proposed system aims to address the 
existing gaps in infrastructure, enforcement, 
technology, and driver behavior to improve the 
safety and efficiency of overtaking 
maneuversinvolving wide-range vehicles 
(WRVs), such as trucks, buses, and agricultural 
machinery. This system integrates smart 
infrastructure, advanced technologies, enhanced 
regulations, and driver education to create a 
comprehensive solution for safer overtaking 
behaviors. Below is a detailed proposal for a 
holistic, multi-layered system to regulate  
overtaking near WRVs. Design and implement 
dedicated overtaking lanes on multi-lane 
highways and roads with heavy WRV traffic.  

 
These lanes will be specifically designed for 
safe overtaking of WRVs and will be clearly 
marked with signs, road markings, and lane 
dividers to prevent confusion Widen lanes on 
high-traffic routes to accommodate both large 
and light vehicles, especially in areas with 
frequent WRVs. This ensures that vehicles can 
overtake without crowding or blocking the other 
lane. 

 
A. Data Collection 

High-quality road scenes captured using 
cameras mounted on a car. It includes Stereo 
images, depth, semantic segmentation, optical 
flow, lane detection, etc.   Autonomous driving, 
object detection, and road scene understanding. 
 
B. Data Preprocessing 

All images are resized as 224x224 in standard 
format and convert the images to gray scale or 
other color space. Normalization  and 
Augmentation will be done. labels such as class 
names (for classification) or masks (for 
segmentation). The datas are divide into 
training, validation and testing set. his process 
helps improve model accuracy, reduce training 
time, and make the dataset consistent. 

C. Implementation 

Each module in the system has a specific function 
and is implemented using a combination of 
hardware and software tools. Below is a breakdown 
of how each module can be implemented: The 
implementation of the proposed system involves 
both hardware integration and software 
development across several interconnected 
modules. The Vehicle Monitoring Module is 
implemented using onboard sensors such as GPS, 
IMU, cameras, and radar or LiDAR. These sensors 
continuously collect real-time data including speed, 
location, surrounding object distance, and steering 
behavior. The sensor data is processed using 
middleware such as ROS (Robot Operating System) 
or custom-built software in Python, allowing the 
system to understand the vehicle's dynamics and 
detect potential overtaking scenarios. To interpret 
and anticipate the driver's behavior, the Driver 
Behavior Prediction Module uses an LSTM (Long 
Short-Term Memory) neural network. The model is 
trained on historical driving data to recognize time-
based patterns that indicate an overtaking attempt. 
The trained model is deployed either on the 
vehicle’s onboard unit or on an edge device in the 
roadside unit, enabling real-time prediction of risky 
overtaking intentions. The Wide Vehicle 
Identification Module is implemented by equipping 
large vehicles (trucks, buses, trailers) with RFID 
tags or V2V (Vehicle-to-Vehicle) communication 
devices.  

 
Fig 1 

 
These transmit real-time data about the vehicle’s 
dimensions, speed, and movement direction. 
Nearby vehicles and infrastructure use this data to 
evaluate overtaking feasibility. The communication 
protocols used may include DSRC or cellular-V2X 
(C-V2X) depending on infrastructure availability. 
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At the infrastructure level, the Roadside 
Analysis and Decision Module is implemented 
using smart roadside units (RSUs) equipped 
with edge processors, cameras, and  
environmental sensors. These units receive data 
from vehicles and wide vehicle beacons to 
analyze traffic flow, visibility conditions, and 
road curvature. A decision-making algorithm 
evaluates the safety of overtaking under current 
conditions and sends real-time feedback to the 
approaching Regulating Vehicles While 
Overtaking Wide-Range Vehicles. 
 
YOLOv8 and LSTM serve distinct but 
complementary roles in the regulation and 
management of vehicles during overtaking 
maneuvers, especially involving wide-range 
vehicles such as trucks or buses. YOLOv8 is a 
state-of-the-art object detection model designed 
to process images or video frames in real time, 
accurately identifying and localizing multiple 
vehicles on the road through bounding boxes 
and classification. This capability makes 
YOLOv8 ideal for detecting wide-range 
vehicles that require careful overtaking. 
However, while YOLOv8 excels at spatial 
detection, it does not capture temporal dynamics 
or predict future vehicle movements. 
 
This is where LSTM, a type of recurrent neural 
network specialized in modeling sequential 
data, becomes valuable. LSTMs analyze time-
series data such as vehicle positions, speeds, and 
trajectories to forecast future states and 
behaviors, which are critical for anticipating 
safe overtaking opportunities or potential risks. 
By combining YOLOv8’s robust spatial 
detection with LSTM’s temporal prediction 
abilities, intelligent transportation systems can 
achieve a Regulating Vehicles While 
Overtaking Wide-Range Vehicles more 
comprehensive understanding of the traffic 
environment, enabling safer and more efficient 
overtaking maneuvers around wide-range 
vehicles. While YOLOv8 handles the 
immediate perception of the scene, LSTM 

processes the dynamic evolution of vehicle 
movements, together forming a powerful toolset for 
vehicle regulation and driver assistance. 
 
In contrast, Long Short-Term Memory (LSTM) 
networks are specialized recurrent neural networks 
that excel at modeling sequences and temporal 
dependencies in data. By analyzing time-series 
inputs such as historical vehicle positions, speeds, 
acceleration patterns, and lane changes, LSTMs can 
predict future trajectories and driver behaviors. This 
predictive capability is essential for regulating 
overtaking maneuvers, as it helps determine safe 
windows for passing wide-range vehicles without 
risking collisions or traffic violations. When 
combined, YOLOv8 first detects and tracks vehicles 
in the environment, providing spatial context and 
current positions. These detection outputs are then 
fed into an LSTM model that forecasts future 
vehicle states based on observed trends. 
 
The integration of YOLOv8 and LSTM allows for a 
comprehensive system that leverages both spatial 
awareness and temporal prediction. This synergy 
enables advanced driver assistance systems (ADAS) 
and autonomous vehicles to make informed 
decisions about overtaking, accounting for the size 
and behavior of wide-range vehicles. Moreover, 
such systems can alert drivers to potential hazards, 
optimize overtaking timing, and even adjust vehicle 
speed autonomously to maintain safety. While 
YOLOv8 demands high computational power, 
especially when deployed in real-time scenarios, 
LSTM networks add moderate processing overhead 
but provide critical temporal insights that static 
detection cannot achieve. Together, these models 
represent a promising approach to enhancing road 
safety and traffic flow in complex overtaking 
situations. 
           

IV. RESULT AND DISCUSSION 

The proposed system generates several key outputs 
that contribute to improved road safety during 
overtaking maneuvers around wide-range vehicles. 
The primary output is the real-time decision 
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feedback provided to the driver, which indicates 
whether it is safe or unsafe to overtake. This 
output is derived from a combination of sensor 
data, driver behavior prediction (using LSTM 
models), and road condition analysis from the 
roadside unit. It appears in the form of a visual 
or audible alert on the vehicle’s dashboard 
interface. For example, if the system detects that 
the overtaking maneuver is risky—due to 
oncoming traffic, insufficient clear road ahead, 
or the presence of a large vehicle—it issues a 
warning such as “Do Not Overtake.” 

 
Fig 2: Do Not Overtake 

 
In the figure 2, the system classifies the road as 
"DRY" with 95% visibility and detects an 
oncoming vehicle at a distance of 84 meters. 
Based on the current speed and distance, the 
system calculates a safe overtaking window of 
42.8 seconds, which exceeds the required 
threshold. The safety assessment score is 74%, 
and the prediction confidence is 41%. The 
model therefore concludes that the conditions 
are "SAFE TO OVERTAKE"highlighting this 
with a green label. This decision is likely 
influenced by clear road visibility, moderate 
vehicle speed, and sufficient distance from the 
oncoming vehicle. Another critical output is the 
classification of wide vehicles, where the 
system identifies and marks large vehicles 
through V2V communication. This information 
is used by both the vehicle’s onboard system and 

the roadside infrastructure to adjust decision 
parameters, such as increasing the safe overtaking 
distance or considering blind zones. 
 
In the figure 3,represents a more hazardous 
scenario. Here, the road condition is "ICY" with 
only 52% visibility. The vehicle ahead is moving at 
40 km/h, while the user's vehicle is at 60 km/h. An 
oncoming vehicle is detected at 68 meters. Despite 
the distance being somewhat reasonable, the safety 
assessment drops sharply to 6%, and the prediction 
confidence is high at 85%—indicating a strong 
likelihood that overtaking would 
result in danger.  
 

Fig 3 Safe To Overtake 
  
The system warns with a red banner stating 
"UNSAFE TO OVERTAKE" and suggests waiting 
for better conditions. The calculated overtaking time 
is only 15.6 seconds, with a required clearance 
distance of 71 meters, which is inadequate given 
road conditions and traffic. Additionally, the system 
outputs predictive behavior labels, such as 
“overtaking likely,” based on LSTM analysis of 
driver patterns. This helps proactively assess the 
safety of the maneuver before it occurs. From an 
infrastructure and regulatory perspective, the cloud 
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system also outputs analytics and logs, such as 
frequency of overtaking attempts, locations of 
high-risk overtaking zones, and near-miss 
incidents. These outputs help traffic authorities 
make data-driven improvements to road design 
and policy.  
 

 
Table 1 Comparison of other Techniques 

 
V. CONCLUSION AND FUTURE 
ENHANCEMENT 

In conclusion, effectively regulating vehicle 
behavior while overtaking wide-range vehicles 
requires both precise spatial awareness and 
reliable prediction of dynamic movements. 

 
YOLOv8 excels in providing fast and accurate 
detection of vehicles in real-time, identifying 
wide-range vehicles that demand special 
attention during overtaking maneuvers. 
However, detection alone is not sufficient to 
ensure safety in complex traffic scenarios. 
Integrating YOLOv8 with LSTM models, 
which specialize in learning temporal patterns 
and predicting future trajectories, creates a 
comprehensive system that not only sees the 

environment but also anticipates its evolution. This 
fusion enables advanced driver assistance systems 
and autonomous vehicles to make informed 
decisions by understanding both the current road 
situation and the likely future behavior of 
surrounding vehicles. By enhancing situational 
awareness and predictive capabilities, this 
combined approach helps reduce accidents, 
optimize traffic flow, and improve overall road 
safety during overtaking. Furthermore, as sensor 
technology and computational power continue to 
advance, such integrated models are expected to 
become increasingly practical and widespread, 
playing a crucial role in the future of intelligent 
transportation systems. 
 
FUTURE ENHANCEMENT 
As the fields of computer vision and deep learning 
continue to evolve, several future enhancements can 
be explored to improve the accuracy, efficiency, and 
reliability of vehicle regulation systems during 
overtaking maneuvers.  
1. Fusion with Additional Sensors: Future systems 
can integrate data from multiple sensors such as 
LiDAR, radar, GPS, and IMUs alongside camera 
input. Combining YOLOv8 with multi-sensor 
fusion will enhance object detection robustness 
under poor 
lighting, bad weather, or occlusions—common 
challenges in real-world driving. 
2. Incorporation of Transformer Models: While 
LSTM is effective for temporal modeling, newer 
models like transformers (e.g., Vision 
Transformers, TimeSFormer) are showing superior 
performance in .sequence prediction. Replacing or 
complementing. 
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