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Abstract - Road surface disruptions such as potholes 
critically affect traffic flow, vehicle safety, and maintenance 
strategies. This study introduces an efficient second-order 
hyperbolic traffic model that accounts for pothole width, 
driver reaction, and time headway, improving traffic evolution 
prediction compared to traditional models. A lightweight 
sensing system has been created to enable real-time detection 
using vibration signals, spatio-temporal trajectory fusion, and 
ultrasonic sensors applicable to both paved and unpaved 
roads. This system achieves 94% accuracy and operates in 
real-time utilizing NB-IoT and embedded signal processing. 
Furthermore, an analysis of machine learning and IoT-based 
frameworks reveals scalable methods for automated 
monitoring of road conditions. This study connects traffic 
modeling with advanced sensing for proactive maintenance of 
roads in smart cities. 
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1.INTRODUCTION  

Modern road infrastructure is essential for fostering national 
development by facilitating the efficient movement of goods 
and people. However, rapid urban growth and a rising 
number of vehicles on the road have led to significant traffic 
congestion and an increased risk of road accidents. One 
major factor contributing to these issues is the occurrence of 
Road Surface Disruptions (RSDs) [3], which include potholes, 
cracks, and other deformities that adversely affect road 
conditions.  

This research proposes an effective and cost-efficient 
method for detecting surface irregularities on roads by using 
an ultrasonic sensor-based system. The approach is designed 
to be applicable to both paved and unpaved roads, allowing 
for wider usability and real-time feedback [2]. Conventional 
detection methods such as vibration-based, laser-based, and 
vision-based techniques have demonstrated shortcomings in 
terms of precision, scalability, or cost-effectiveness. When 
mounted on a vehicle, the ultrasonic sensor actively 
evaluates the road surface to identify irregularities. Once an 
irregularity is detected, the system transmits the sensor data 

to a central server where it undergoes preprocessing and 
analytical assessment to ascertain the specific type of surface 
disruption [4].  

The core methodology involves deploying the ultrasonic 
sensor system using Arduino hardware for real-time data 
collection, followed by software-based processing and 
classification. The proposed framework enhances road 
maintenance by ensuring early detection and cost-efficient 
intervention. Section II of the paper discusses existing 
literature on RSD detection and infrastructure monitoring. 
Section III outlines the proposed system architecture 
including data acquisition, processing techniques, and 
anomaly classification algorithms. Section V presents a 
comprehensive evaluation of the system’s effectiveness, 
along with resource efficiency and operational feasibility. 
The paper concludes in Section VI with future 
recommendations and potential directions for scaling this 
solution to urban-level deployments. 

2. LITERATURE REVIEW 

2.1. Categories of Traffic Flow Modeling 

Traffic flow analysis plays a crucial role in managing road 
systems. Depending on the detail and scale, traffic models are 
commonly split into three categories: 

• Microscopic Models: 

o Focus on individual vehicle dynamics such as      
velocity, acceleration, and spacing. 

o Studies emphasize driver behaviors like headway  
maintenance and braking responses [5]. 

• Macroscopic Models: 

    o  Analyze aggregate traffic behavior using variables   
like density and flow. 

     o  Introduced the LWR model as the first macroscopic 
model [6], [9]. 

• Mesoscopic Models: 

         o Combine individual and group behaviors to balance 
detail and computational efficiency 
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         oResearch explores hybrid approaches incorporating  
vehicle interactions and aggregate flow. 

2.2. Conventional Macroscopic Traffic Models 

Similar to how fluids are modelled, traffic is described by 
classical macroscopic models that use aggregated parameters 
like flow, density, and speed. 

• LWR( Lighthill-Whitham-Richards) Model 

This is a basic first-order model that assumes drivers 
react instantly to changes ahead, which limits its 
accuracy under complex or dynamic traffic conditions. 

• PW (Payne-Whitham ) Model: 

A more refined second-order model that adds terms for 
velocity adjustment and relaxation, making it better 
suited for representing delayed driver responses and 
density-driven behavior changes [4],[7]. 

2.3. Advancements in Macroscopic Modeling 

To address limitations in older models, recent research 
has introduced enhanced models that consider both human 
behavior and changing road environments. These 
improvements aim to provide more accurate simulations by 
capturing the dynamic interactions between drivers and 
varying road conditions. 

• Directional Driver Response (Anisotropy): 

     Newer models acknowledge that drivers mainly focus 
on what's happening ahead of them. This "forward-
looking" behavior improves the simulation of real 
driving patterns. 

• Environmental Influences: 

Features like road slope, zones of 
acceleration/deceleration, and time delays in driver 
response are now being included. While some models 
attempt to account for potholes, they often use static 
weight values and fail to adapt dynamically to changing 
road conditions. 

2.4. Traffic Models with Road Condition    
Awareness 

Incorporating road surface quality into traffic models 
has become increasingly important. Recent studies have 
started to include indicators like pothole depth, surface 
texture, and visual clues. 

   • Some models rely on generalized averages to 
represent road degradation, but this doesn't reflect 
sudden variations or driver reactions to 
unexpected obstacles. 

  • Others assign scores to road segments based on 
condition, but they often use oversimplified 
assumptions, limiting their effectiveness in real-time 
traffic analysis. 

2.5. Gaps in the Literature 

  Despite improvements, many existing traffic models 
overlook how road surface problems like potholes influence 
driver behavior. Most models operate under ideal 
assumptions and fail to reflect how drivers slow down, 
change lanes, or react unpredictably when encountering 
poor road conditions.  

            This limitation is especially critical in complex urban 
traffic systems, where such factors significantly affect flow 
dynamics. More comprehensive models are needed to 
represent how real drivers behave under varying road and 
traffic conditions. 

2.6. Contributions of the Present Work 

This research provides several novel improvements to 
macroscopic traffic modelling: 

           • Inclusion of Road Surface Irregularities: 

Directly models the impact of potholes and other 
road defects on traffic behaviour [7]. 

           • Driver Reaction Simulation: 

 Captures differences in how cautious or aggressive 
drivers respond to poor road conditions. 

            • Enhanced Flow Prediction 

Improves traditional traffic predictions by    
integrating environmental parameters [10]. 

  •Scalability Across Road Types: 

Designed to function in multi-lane and multi-route 
traffic scenarios. 

•Real-World Focus: 

   Builds a framework that accurately reflects how 
drivers behave in non-ideal environments, making it 
suitable for practical implementation in smart city 
infrastructure. 

3. METHODOLOGY 

This research introduces an innovative framework for 
macroscopic traffic modeling that takes into account the 
effects of road surface conditions—specifically potholes—
and varying driver behavior on traffic dynamics. The 
approach focuses on enhancing existing second-order 
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models to more accurately depict real-world traffic flow in 
suboptimal scenarios. The suggested model integrates data 
on the physical quality of road surfaces alongside adaptive 
responses from drivers, resulting in greater simulation 
accuracy.  

3.1. Incorporation of Pothole Distribution Map 

To replicate the effects of road surface degradation, a map 
showing the distribution of potholes is incorporated into the 
traffic simulation model. This map records the geographical 
position, dimensions, and severity of potholes on a particular 
road section. By integrating this map, the model can account 
for localized disruptions in traffic patterns, illustrating how 
drivers react to abrupt changes in road conditions [1]. 

3.2. Driver Presumption Factor 

This component introduces an adaptive parameter known as 
the Driver Presumption Factor (DPF), which governs how 
drivers perceive and react to road conditions and traffic 
ahead. Unlike previous models with fixed sensitivity values, 
the DPF is dynamic and adjusts based on traffic density, 
vehicle speed, and road quality [5]. Drivers with a high DPF 
are modeled to anticipate road hazards early and react 
conservatively, while those with a low DPF exhibit more 
aggressive and delayed reactions. 

3.3. Modified Velocity Equation 

Expanding on the Jiang–Qi–Zhang framework, the velocity 
equation is adjusted to incorporate factors for road 
conditions and driver behavior. This equation takes into 
account velocity changes as well as a penalty factor that 
reduces vehicle speed when potholes are present. 
Furthermore, a driver response component is integrated to 
simulate deceleration or lane changes triggered by the DPF 
[2]. These modifications ensure the model effectively reflects 
both the tangible effects of potholes and the psychological 
responses of drivers when they encounter them. 

3.4. Simulation Setup and Parameters 

In order to verify the proposed model, simulations are 
performed on a synthetic road section containing potholes of 
different sizes and frequencies [8]. A variety of traffic 
scenarios are created using diverse vehicle densities and 
DPF distributions. Different parameters, including free-flow 
speed, jam density, and the road roughness index, are 
adjusted to test the model's robustness across various 
conditions. The simulations evaluate important traffic 
metrics such as average speed, shockwave generation, and 
vehicle throughput to determine performance. 

3.5. Simulation Setup and Parameters 

The proposed model is compared against traditional second-
order models (e.g., PW and JQZ) using both quantitative and 

qualitative metrics. Evaluation focuses on the model’s ability 
to capture shockwave dissipation, flow reduction near 
potholes, and behavioral variation among drivers. The 
results highlight improvements in prediction accuracy and 
realism, particularly in scenarios involving frequent potholes 

or heterogeneous traffic. 

 
Fig 1 System architecture block diagram 

4. MODEL TRAINING AND SETUP 

4.1 Implementation Overview 

The implementation of the pothole and signboard detection 
system consists of four major software-based phases: data 
collection and preprocessing, object detection using 
YOLOv12, geospatial mapping through Leaflet, and 
integration into a web-based user interface. The entire 
workflow leverages AI and geospatial web technologies for 
real-time, platform-independent road condition monitoring. 

The model was constructed to integrate road surface 
anomalies (specifically potholes) and driver presumptions 
into a macroscopic second-order traffic flow framework. The 
simulation environment was developed using NumPy for 
numerical operations and Matplotlib for visualization. For 
solving partial differential equations inherent in traffic flow 
modeling, the finite difference method was employed [7]. 

 4.2 Data Collection and Preprocessing 

The first stage involves collecting road footage that captures 
various conditions, such as potholes and traffic signboards. 
This footage can be obtained from cameras mounted on 
moving vehicles or placed at fixed locations along roads. 
Alongside the visual data, geographic coordinates (latitude 
and longitude) are also captured for precise location tagging 
[4]. 

To get the data ready for analysis, images are resized to a 
consistent resolution. Grayscale conversion is performed to 
minimize processing demands and enhance contrast. 
Gaussian blur is applied to reduce noise and bring important 
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features into focus. Lastly, the Canny edge detection method 
is used to identify edges, assisting in the identification of 
road irregularities in later stages [5]. 

4.3. Object Detection Using YOLOv12 

For detecting objects, the system implements the YOLOv12 
model, which is a cutting-edge deep learning algorithm 
recognized for its proficiency in real-time detection tasks. As 
the latest in the YOLO series, YOLOv12 presents noteworthy 
enhancements in both accuracy and speed, making it an 
excellent choice for monitoring road conditions. The model 
was developed using a custom dataset that was manually 
annotated with bounding boxes specifically for potholes and 
signboards. The images encompassed a range of lighting 
scenarios, occlusions, and object sizes to improve the 
model’s generalization ability.  

During inference, YOLOv12 generates bounding boxes and 
confidence scores for each detected object. A post-processing 
step filters out low-confidence detections, retaining only 
results above a defined threshold (e.g., 0.5) [6], providing 
higher precision [7]. To ensure accurate object localization 
and classification, the training process also incorporated 
label smoothing and a multi-scale detection approach. This 
allows the model to detect objects of varying sizes more 
effectively by combining feature maps from different 
network layers. 

 

Fig 2-Mean average precision graph against values input. 

NMS (Non-Maximum Suppression) is then applied to remove 
redundant overlapping boxes, ensuring that each object is 
identified distinctly.In addition, the system logs detection 
timestamps and associates them with the corresponding GPS 
metadata [5] . This temporal and spatial correlation aids in 
tracking the progression of road anomalies and allows for 
trend analysis over time. 

4.4. Mapping with Leaflet 

After detection, the results are visualized using Leaflet, a 
JavaScript library for rendering interactive maps within web 

applications. For each detected pothole or signboard, the 
system extracts GPS coordinates from image metadata and 
maps them using the L.marker() method [4]. 

Each marker is tailored according to the type of object—
potholes and signboards feature unique icons for easy 
identification. Users can click on these markers to access 
detailed information such as the severity of potholes (for 
example, small, medium, large) or the category of the sign 
(for instance, speed limit, stop). Leaflet enables dynamic 
updates to the map, allowing the system to show new 
detections instantly. The Leaflet map is integrated into the 
application via its JavaScript API, which allows users to 
zoom, pan, and interact with the detection markers. 

4.5. User Interface and Integration 

The last element is the user interface, created with HTML, 
CSS, and JavaScript. This online interface displays an 
interactive map that allows users to see potholes and 
signboards as they are identified. The interface is responsive 
and designed to work across various screen sizes, including 
mobile devices [7]. 

Additionally, the interface allows for feedback submissions, 
permitting users to report potholes that are not registered or 
inaccurately detected, which can subsequently be utilized to 
retrain the model—improving the system’s long-term 
accuracy and adaptability [9]. 

This implementation approach promotes modularity and is 
in line with contemporary developments in intelligent 
transportation systems, highlighting the importance of real-
time analysis and cloud capabilities [3]. 

 

Fig 3-Graph showing trained data values and loss. 

5. RESULTS AND ANALYSIS 

The analysis of macroscopic traffic behavior in the presence 
of road surface potholes and varying driver presumptions 
was conducted through a series of simulated traffic flow 
scenarios. The findings provide insights into how roadway 
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irregularities and behavioral parameters affect traffic 
dynamics at a system-wide level. 

5.1. Impact of Potholes on Traffic Flow Stability 

The introduction of potholes led to significant disruptions in 
traffic stability, particularly under high-density conditions. 
Simulations revealed that even a sparse distribution of 
potholes along a segment can induce speed drops and 
initiate stop-and-go waves, cascading backward through the 
traffic stream. Quantitatively, traffic flow decreased by an 
average of 18% in pothole-affected sections, emphasizing the 
need for infrastructure maintenance to ensure optimal 
vehicular throughput. 

 

Fig 4- Example of pothole detection using YOLOv12. 

5.2. Sensitivity to Driver Presumptions 

Driver presumptions—modeled as variations in 
aggressiveness, reaction time, and desired headway—had a 
profound influence on traffic evolution. Aggressive drivers, 
for example, tended to amplify the effects of potholes by 
reacting more abruptly, thereby creating localized velocity 
discontinuities. The PW model, sensitive to such driver 
behavior, showed earlier onset of congestion compared to 
the JQZ model. Simulations with heterogeneous driver 
populations revealed that traffic instability increased by up 
to 23% when high-aggression driver clusters were present 
near pothole zones. 

5.3. Latency in Traffic Recovery 

The presence of potholes extended the time required for 
traffic to return to steady-state after a disturbance. In 
simulations without potholes, recovery occurred within 3–5 
minutes post-perturbation. However, with potholes, 
recovery was delayed by up to 40%, primarily due to 
localized speed reductions and shockwave propagation. The 
time-to-recovery metric serves as a useful indicator for 

evaluating roadway quality and its effect on dynamic system 
resilience. 

 

Fig 5- Google Maps-based traffic visualization. 

5.4. Comparative Analysis of Traffic Models 

The PW and JQZ models were benchmarked using identical 
scenarios that incorporated pothole-induced disruptions and 
heterogeneous driver behaviors. The PW model exhibited 
faster congestion onset and demonstrated weaker damping 
in wave propagation, struggling to maintain flow continuity 
near discontinuities caused by road surface irregularities. In 
contrast, the JQZ model handled abrupt changes more 
effectively, maintaining smoother velocity transitions and 
better preserving overall traffic stability. Quantitatively, the 
JQZ model retained an average flow rate that was 12% 
higher than the PW model. This comparative analysis 
highlights that second-order macroscopic models with 
refined source terms. 

5.5. Comparative Evaluation 

Findings from this study offer actionable insights for 
intelligent traffic control systems. . Models calibrated to 
account for pothole distributions and driver heterogeneity 
can: 

• Improve real-time traffic prediction accuracy. 
• Inform adaptive signal timing and rerouting algorithms. 
• Support proactive infrastructure maintenance planning. 
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Fig 6- Detected pothole visual output alongside the model    
accuracy graph. 

6. CONCLUSION AND FUTURE WORKS 

6.1 Conclusion 

This research introduces a novel second-order macroscopic 
traffic model that integrates driver presumptions and road 
surface conditions—specifically the size and impact of 
potholes—into the traffic flow dynamics. The model 
incorporates realistic parameters such as safe time headway, 
velocity changes, and anisotropic behavior, capturing the 
directional influence of traffic and pothole-induced 
disturbances. Unlike existing frameworks like the Gabriel et 
al. model, which use uniform constants across varying road 
conditions, the proposed model reflects real-world 
variability, ensuring accurate density evolution and 
improved representation of congestion phenomena. 
Simulation results confirm the model’s robustness, 
demonstrating that it adapts to changing pothole sizes and 
yields realistic traffic density behavior, flow continuity, and 
segment travel times. Particularly, larger potholes were 
found to cause significant upstream congestion, whereas 
smaller ones had minimal effect on upstream density 
propagation. Additionally, the model's hyperbolicity was 
mathematically ensured, reinforcing its stability for traffic 
predictions. 

Beyond the theoretical framework, this study 
proposes a smart sensing solution using acceleration sensors 
installed near the wheel steering lever to detect road 
roughness through structural vibrations. Frequency-domain 
analysis between 60–90 Hz enables high-resolution road 
defect detection, integrated via IoT platforms and visualized 
through Web-GIS interfaces. The system fuses spatio-
temporal data and leverages technologies like Google Plus 
Codes and GeoSOT-based grids to generate precise road 
quality maps, making it suitable for smart city infrastructure. 

The integration of such sensor networks with the traffic 
model lays the foundation for comprehensive traffic and 
asset management systems, improving driver safety and 
road maintenance responsiveness. 

6.2 Future Works 

Building upon the outcomes of this study, several directions 
can be pursued to enhance and expand the capabilities of the 
proposed traffic modeling and road monitoring system. 
Incorporating machine learning algorithms into the model 
could allow for adaptive parameter tuning based on live 
traffic and sensor data, improving predictive accuracy under 
real-world variability. The sensing framework can be further 
refined by introducing multi-row sensor arrays and 
minimizing inter-sensor distances to boost spatial 
granularity and detection accuracy. Additionally, the model's 
capability will be extended to invert and detect other road 
anomalies by analyzing broader frequency bands. 

Future implementations will include field trials in 
collaboration with local road authorities, such as those in the 
D.R. Congo, to validate the system's large-scale performance 
and practical impact. Moreover, deeper integration with 
smart transportation platforms will facilitate real-time traffic 
rerouting, maintenance scheduling, and infrastructure 
planning. As Beidou Grid Code technology matures, it will be 
incorporated to further optimize geospatial representation 
and enable low-cost, low-power deployment at scale. Lastly, 
the framework's potential in supporting vehicle-road 
cooperation for autonomous driving and intelligent traffic 
systems will be explored, making it a versatile solution for 
next-generation transportation ecosystems 
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