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Abstract: Traffic congestion is a growing challenge in Hulhumalé as it develops into a smart city. 

A major factor contributing to delays is the time vehicles spend idling at traffic lights, particularly 

during peak hours on the Sinamalé Bridge, where waiting times can reach up to two minutes per 

signal. Existing smart traffic solutions in other cities often rely on embedded sensors, which are 

expensive to install and disruptive to road infrastructure. To address these limitations, this 

project proposes a vision-based traffic light system capable of detecting vehicles in real time and 

dynamically adjusting green-light durations. By adapting to actual traffic conditions instead of 

relying on fixed schedules, the system aims to reduce waiting times and improve overall traffic 

flow. The concept will be tested using a prototype of a three-way junction simulated in Python 

with a custom trained YOLO-v8 for vehicle detection. Development follows a prototype-based 

experimental engineering methodology. The expected outcome is a scalable and cost-effective 

solution capable of reducing average waiting times by at least 30% compared to the current 

system, offering a practical step toward smarter and more efficient urban mobility. 
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1. INTRODUCTION 

In recent years, there has been much talk of making Hullumale a smart city. Under this, 

many services and systems that have existed in the Maldives have become digitalized and 

modernized. This includes application-based ticketing in place in Raaje Transport Link ferries 

and buses and the "tap to pay" option in buses in the greater Male and Hulhumale region, 

according to the "Payments Bulletin 2024" released by the Maldives Monetary Authority. 

However, there seems to be no mention of implementing one of the hallmarks of many 

existing smart cities, which is a dynamic traffic light management system. Having a smart 

traffic light system would alleviate some of the problems that come with being densely 
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populated. Unfortunately, implementation of already existing systems would prove to be 

costly, as most of the systems require sensors built into the road and are not meant for linear 

architecture [16]. 

The aim of VISTA (Vision Integrated Smart Traffic Automation) is to dynamically adjust 

the traffic of the current intersection such that the lane with more vehicles gets more green 

light and ones with less or none get the minimum amount of green light. The simulation 

would be used to see the time taken for both the proposed system and the current system, 

which would be compared to figure out how effective the proposed system is.  

2. LITERATURE REVIEW 

By the very definition of a smart city, it should "encompass a broad use of technology to 

gather and process information for monitoring, optimizing, and managing a city." [28]. An 

aspect of a smart city as such would be a way to optimize traffic. This would prove to be 

beneficial for us as an ever-growing smart city. Many systems that make traffic efficient 

already exist in many developed cities, but as previously stated, they are built with their 

respective country in mind. As such, they would not be easy to implement in this country, 

either, due to software or manpower limitations. Therefore, when proposing a system to 

manage traffic specifically geared toward the Maldives, it should be important to look at the 

literature that proposes how the authors would ideally implement this. This can be achieved 

by looking at what sensors those systems use and what algorithms they have opted to utilize. 

As such, in this literature review, we will be looking at systems that have used different 

means of input, highlighting how said input works for their system and the benefits of using 

said input while also going over some of the challenges associated with using said means. The 

analysis of algorithms is going to take the same path, describing their architecture, their 

advantages and disadvantages. 

2.1 Sensors 

2.1.1 Introduction to Sensors 

[4] classifies sensors as intrusive and non-intrusive. Intrusive sensors are sensors that 

require a connection to be made between the sensor and object being measured, while non-

intrusive sensors do not need that connection. When thinking of making a dynamic traffic 

system, it is important to take this into account, along with what type of sensors are being 

used and their advantages and limitations. 

2.1.2 Magnetic Sensor 

These are a type of sensor that is used to monitor changes that occur in the earth's magnetic 

field, which is oftentimes caused by metals that have magnetic properties [11]. [4] have said 

that, even though there are a multitude of ways to detect passing vehicles, they all require the 

sensor to be installed inside traffic lanes. 

Though installing these in traffic junctions that have already been built would prove to be 

disadvantageous, if they were installed before the junction was built, they would be low cost 

and would not take that much energy [11]. These sensors have the ability to be used in areas 
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that have highly varying weather conditions, as they are not affected by them unless they are 

extreme, and have a wide variety of uses, such as counting vehicles, finding the speed of 

vehicles that cross them, and even classifying vehicles based on the vehicles' height and width 

[4]. 

However, it is not as perfect as it may seem. In real-life tests carried out by [6], they 

encountered a multitude of errors, such as heavy vehicles such as trucks being detected in an 

unassociated lane, vehicles being detected while they pass a lane that is not related to the route 

said vehicle is taking, and double counting, which occurs when vehicles that have two 

different points where metal is being concentrated, such as a truck and a trailer, cross the 

sensor. These sensors would also need to be installed very close to the lanes, as tests conducted 

by [4] in scenario 2 revealed that they need a minimum of 2 meters in order for the sensor to 

register that something has crossed. They have also stated that placing them outside of traffic 

would falsify the data the sensor receives, giving the system a more difficult time in detecting 

vehicles. 

2.1.3 Accelerometer 

Defined by [3] as a sensor that senses the vibrations of vehicles that pass by it. These 

vibrations can be used to find the number of vehicles and the speed of vehicles. Categorized 

as non-intrusive by that same author, these sensors consume low energy and are relatively 

easy to install 

It has been tested that, by using three-axis accelerometers, a system can detect what kind 

of vehicle it is in diverse traffic lanes, though it should be moderate [3]. In addition to this, the 

same author has stated that by using a combination of extended Kalman filters, a speed model, 

and a signal model that consists of wave propagation, excitation, preprocessing, and 

identification, a system can track and estimate the speed of vehicles within a given traffic. He 

has also stated the use of an algorithm, which uses microphone and magnetometer sensors to 

adaptively change the threshold in order to detect vehicles, can be utilized by accelerometers 

by detecting vibrations made by vehicles.  

These sensors, just like magnetic sensors, would need to be installed within the road itself. 

In the system made by [4], the accelerometer he had used has a range of +/-2g, and the average 

accuracy of the vehicle detection across all axes in scenario 1 is 50% while in scenario 2 it rose 

to 60%, making it lower than magnetometers, which in scenario 1 is 79% and in scenario 2 is 

93%. The author has stated that the accuracy of systems that utilize accelerometers heavily 

depends on the sensitivity of the sensor, what kind of road the sensor is on, and how it is 

mounted. These sensors are also prone to give wrong values when placed in heated areas or 

will have a small offset, which over time would cause calculations to be off [33]. The same 

author has also stated that when placed near electrical components, small fluctuations would 

occur, causing the reading to be slightly off. 

2.1.4 Distributed Acoustic Sensor 

The modern version of an acoustic sensor, the distributed acoustic sensor (DAS), is 

categorized by [35] as a technological advancement belonging to the category of distributed 

fiber-optic sensing. As [9] have put it, DAS is based on converting the unused fiber-optic 
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cables, also known as dark fiber, into a dense array of acoustic sensors. The system works by 

making bursts of light that have a constant phase relationship occur when vibrations happen 

on the cable, which is sent from one end of the cable to the other. Due to how the physics of 

light works, small fractions of the light get reflected back towards the detector due to Rayleigh 

scattering, allowing the fiber cable to be used as a sensor. 

Since this technology can utilize fiber optic cables that are not in use, we can say that this 

technology is low cost and is very easy/fast to install while being relatively low maintenance 

[35, 37]. This can also be used to cover many meters of a road, thus making sure that there are 

no blind spots, or areas that cannot be detected by the sensor [9]. It is non-intrusive and, 

according to [9], is not affected by weather conditions in the slightest. This technology also 

offers maximum privacy to people on the road while also being able to identify the weight of 

vehicles, making classifications that much easier. 

While it appears highly promising, it is not without flaws. According to [37], without 

machine learning being implemented on the waves being sent back, long-distance monitoring 

will become tedious due to the massive volume of data that is sent back. In the conclusion of 

the paper written by [9], the author has stated that, though under controlled conditions 

labeling of data is possible, in a real-life scenario, another data input source would be needed. 

It is also good to state that, unless you use an array-based approach, there would be false 

detections being made by other unrelated sources, such as a tree swaying in the wind [37]. 

2.1.5 Inductive Loops 

[27] classifies approaches that collect traffic data as two different categories: in situ and 

Floating Car Data (FCD). The latter is defined as methods that involve locating each vehicle 

through either GPS or cellular phone. In situ is defined as a method that collects data using 

sensors placed along the road. The author states that the inductive loop sensor is in the 

category of in situ. [4] have stated that these sensors work by measuring the inductance value 

of a wire placed within the road. The system presented by [25] has three main sections: the 

inductive loop section, the electronic vehicle detector section, and the counter section. All of 

these sections work together to count the number of vehicles present within the traffic. 

When used with good-quality sensors and having a good strategy for deployment, these 

sensors can measure the volume of traffic at the given intersection, how occupied it is, and 

what speed a vehicle is travelling [20]. This can be linked to the fact that it provides higher 

precision than other techniques commonly used, as stated by [11], and the fact that it is not 

affected by weather conditions such as sunlight or rainfall, as stated by the same author. 

These inductive loop sensors have some unfortunate events that could be experienced 

when they are not properly placed. In the attempts of [20] to create a simulation with the help 

of the data which they had in Munich, it was mentioned that in spite of the fact that it was 

possible to detect traffic at the intersection, because of the way they were located, the system 

would not know whether a car turned or not. Other statements in the same report indicated 

that the detectors lacked the capability of differentiating the type of vehicles. The author of 

the journal by [4] has implicitly suggested that it will be hard to install such on existing roads 
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because they will have to install on the inner parts of the road, which would mean using more 

manpower and money than required. 

2.1.6 Light Detection and Ranging 

More commonly referred to as LIDAR, [8] and [31] describe it as a sensor that has high 

accuracy when used to map things out on a map, making it a key component in most of the 

systems used to maximize the efficiency of traffic. Enabling the measurement of speed and 

classification of vehicles, LIDAR utilizes pulsing laser lights that are used to detect objects and 

calculate how far they are from the traffic light [4]. The calculations done are based on the 

time interval between the sensor sending the pulse and receiving it back [2]. 

In the abstract of [8], the author states that compared to other sensors utilized in smart 

traffic systems, LIDARs offer high performance and precision. This is backed up by [2], who 

also adds that since these sensors are weather resistant, they are the perfect candidate for 

measuring traffic dynamics where data inaccuracies may lead to unfortunate situations. [8] 

also state that LIDARs provide anonymity among the drivers while maintaining that top-of-

the-line data reliability it boasts about. Findings from [2] have also proven that due to their 

real-time data collection ability, LIDARs have reduced the chance for a gridlock to happen at 

intersections due to signal failures or congestions. The author also adds that due to its non-

intrusive nature, there is no need for road closure to take place in order to place the sensor. 

In the observations made by [31], the authors have stated that, when the number of lanes 

increases, capturing cars in the lanes they are supposed to be becomes more challenging. 

These sensors are also more expensive compared to others and oftentimes consume a lot of 

energy  [4]. In the research made by [4], it was observed that some beams of light emitted by 

the LIDAR have the chance of being avoided by vehicles given that the lane is wide enough. 

The same author has also stated that without a shield or an object present within its sensing 

range, LIDARs lose their stability and get rendered ineffective. 

2.1.7 Ultrasonic Sensors 

Unlike LIDARs that utilize light as their means of measuring distance between themselves 

and objects, [13] have stated that these sensors use ultrasonic waves as their means of 

measuring distance. These sensors work through the emission of ultrasonic waves, time that 

the waves are sent to reflect back and finally, the distance is calculated. When combined with 

the algorithms ALPR, YOLO, GDPR, and CNN, data from the ultrasonic sensors can be used 

to automatically count the number of vehicles [34].  

[13], [30], and [34] have all stated ultrasonic sensors are more cost-effective compared to 

other means. In addition to that, [30] have also mentioned that these sensors offer a balance 

between effectiveness, accuracy, and simplicity when using them for real-time applications. 

In the discussion of [34], the authors have stated since these sensors do not require light in 

order to work, they can be used any time of the day. The system proposed by [13] utilized 

ultrasonic sensors, as they can be installed and maintained on a larger scale compared to other 

forms of detecting traffic. The analysis of the system made by [30] also includes the fact that 

these sensors proved to have a high accuracy along with being very responsive. 
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In [34], the authors have stated that when vehicles are too close together, which oftentimes 

is the case in a place like Maldives, errors within the data will arise due to signals getting 

mixed. The same author has also stated that these sensors are unable to identify vehicles that 

remain too close to the sensor as well. In [21], the authors have mentioned that ultrasonic 

sensors are noise sensitive, and the data can be distorted due to environmental factors such as 

temperature, air turbulence, and humidity. [4] have documented that these sensors should 

not be used in lanes that have many lanes or have high traffic volume, as the detection 

accuracy plummets when doing so. 

2.1.8 Camera 

Often hailed as the most common method of data collection in smart traffic systems, 

cameras are often used as a way to capture images at different lanes in order to monitor the 

current traffic density as described by [10]. Different authors have used different cameras in 

their systems/prototypes. [32] suggests the usage of Closed Circuit Television (CCTV); [10] 

used a high-resolution 1080px camera; and [36] used an ESP32 camera module kit in the 

authors' experimental approach, while for the prototype they used an iPhone XR smartphone 

along with a selfie stick for balancing purposes. In all the systems, the camera acts as a means 

to get the live data, which is then fed into different algorithms. [18] and [32] have opted to use 

versions of You Only Look Once (YOLO); [36] have used a combination of the Python library 

OpenCV for image processing and Background Subtractor MOG2 to differentiate moving 

objects from the stationary background; and [10] utilized edge detection as its core process to 

extract the outlines of vehicles. 

When combined with software solutions, cameras offer high accuracy compared to other 

means of vehicle detection [36]. The same author has also stated that cameras, when combined 

with computer vision, offer a lower-cost solution to the more commercially available sensors 

that require constant maintenance. The cost can be further reduced by utilizing open-source 

technologies as well. Systems that utilize cameras as opposed to sensors, like the one proposed 

by [10], can operate without the need of external hardware such as sensors and wireless 

routers. The author's system also detects vehicles in real time without failure; as such, the 

green light given to the lanes that require it the most is more compared to other systems even 

at unexpected times. Due to this, the chance for traffic congestion to occur is less. The system 

proposed by [18] has the ability to detect vehicles no matter how far they are from the camera. 

In the abstract of [18], the authors have stated that their system was able to detect motorcycles 

at a 100% rate, which is exceptionally good for a country mostly dominated by motorcycles 

like the Maldives. 

According to [32], the accuracy of their proposed system drops when the vehicles cast a 

huge shadow or during the night when headbeams would create areas that would meet their 

detection criteria. When utilizing simple motion detection software like how [36] has done, 

the accuracy drops when faced with heavy traffic. In the results and analysis of [18], the 

authors have stated that unless you use the pretrained dataset with a lot of images, the system 

cannot identify small vehicles that are far away. If you are utilizing edge detectors as your 

means of identifying vehicles, the detector you use will have its own drawbacks as well. 

According to [10], Roberts is prone to noise, Sobel takes more time to compute, Active Contour 
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is both prone to noise and takes more time to compute, and Laplacian of Gaussian does not 

detect all the edges efficiently. [36] have also stated that in order for systems that use cameras 

as the means of gathering data to work effectively, a stable power connection is necessary. 

2.1.9 Discussion on Sensors 

When making a smart traffic system, it is paramount that we know what kind of sensor 

would best fit the system we are going to make. What type of sensor, intrusive or non-

intrusive, also matters as much as that [4].  

Among the discussed intrusive sensors, magnetic sensors offer reliable performance 

regardless of the weather condition and have the capability of being used to count the number 

of vehicles, find the speed of said vehicles, and classify them according to vehicle type [4, 11]. 

Accelerometers, another intrusive sensor, require less power to operate and are relatively easy 

to install compared to other discussed sensors [3]. However, according to [6], magnetic 

sensors, when used in real life, suffer from double counting and misclassification, and 

according to [3, 33], accelerometers are sensitive to temperature and to electrical noise. The 

last intrusive sensor, the inductive loop sensor, is precise and, just like magnetic sensors, 

operates well regardless of weather conditions [11]. They can be used to find the total number 

of vehicles at an intersection, determine how occupied said intersection is, and determine the 

speed the vehicles are moving at [20]. Unfortunately, according to [4], their installation and 

maintenance on existing roads would be labor intensive and would prove to be costly. In 

addition to that, according to the results of [20], inductive loop sensors are unable to 

distinguish between vehicle types or what direction they are turning when exiting the area 

the sensors are installed over. This category of sensors is not fit for our system due to the fact 

that they would require the roads to be closed in order for the sensors to be installed. 

Since intrusive sensors are not what our system is looking for, let us revisit the discussed 

non-intrusive sensors. DAS enables the system it is being used by to detect vehicles regardless 

of weather while also allowing high spatial coverage [9, 35]. However, [37] have stated that 

the system generated massive volumes of data, requiring them to use machine learning to 

interpret it. The authors have also stated that without the proper signal filtering, the chance 

that the system produces false detections would be higher. LIDAR, another non-intrusive 

option, provides exceptional precision, anonymity, and allows for real-time data collection [2, 

8]. Though these sensors are ideal for mapping and classification of vehicles, they are 

extremely expensive and require a lot of energy to work effectively, and according to tests 

carried out by [31], they also become less effective when being used across multiple lanes or 

wide intersections. Ultrasonic sensors are cheaper and offer easier ways of detecting the 

vehicle, unlike LIDARs [13, 30].  Though these sensors perform well under various lighting 

conditions [34], said performance would fall off when met with high-density traffic while also 

being sensitive to environmental factors such as temperature and humidity [21]. 

Though the sensors stated above all have their own strengths and weaknesses, for this 

system, we would be using cameras. According to the authors [10], [18], [32], and [36], cameras 

are the most common method of detecting traffic around the world due to their versatility and 

their ability to be integrated with computer algorithms such as You Only Look Once (YOLO), 

OpenCV, and edge detection techniques. When combined with the author's choice of object 
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detection, these systems would get the ability to monitor traffic conditions in real time while 

also being cost-effective. However, according to the tests carried out by [32], the system the 

author had made performs poorly when met with low-light conditions, shadows, or glares. In 

addition, according to [36], the authors' system relied heavily on a stable power source and 

high-quality datasets. However, those same authors [32, 36] have also stated that these 

limitations can be mitigated by having better training datasets and a better detection 

algorithm, which is an area we will focus on when making the system. 

2.2 Traffic Detection Algorithms 

Since this system will be using cameras as its means of input, it is important to know the 

ways some of the proposed systems process those images, that is, what traffic detection 

algorithms those systems have used. [15] classifies object detectors into two categories: single-

stage and two-stage. According to the author, two-stage detectors split the detection into two 

stages: feature extraction and then regression along with classification, while single-stage 

detectors combine the two stages into one, allowing an object to be found and identified in a 

single stage. Both of these detection algorithms have been used in traffic management systems 

proposed by people around the world. As such, this section would be outlining the most 

popular options from the two types of object detectors that have been used in traffic systems. 

2.2.1 Single stage: You Only Look Once (YOLO) 

Out of all the single-stage detectors being used, YOLO has been used more than all of them 

[15]. First made in 2015, the core structure of YOLO, according to [17], allows the use of neural 

networks to directly output the position of the object and its category with its bounding box.  

The latest iteration of YOLO, which is YOLOv12, was released in the year 2025, 10 years 

after the first iteration of it [1]. According to the authors, this version had signified a huge 

advancement in the area of real-time object detection. The making of YOLOv12 represented 

"a paradigm shift through the integration of attention-centric mechanisms, streamlined 

architectural designs, and optimized training pipelines" [1]. Though the architecture became 

more complicated, it still maintains the speed the YOLO series is known for. The authors have 

also stated that this version of YOLO can be broken down into 3 main components: Backbone, 

Neck, and Head.  

• Backbone: Providing basic representations needed for tasks that require detection, 

the task of the backbone is to transform raw images into multi-scale feature maps 

[1]. Since it utilizes Residual Efficient Layer Aggregation Network, or R-ELAN, the 

ability of the model to capture the tiniest detail on varying sizes of objects has been 

boosted. A new convolution block that prioritizes lightweight operations and 

higher parallelization, which was not utilized in previous versions, is used here. 

According to [1], YOLOv12 processes faster without ruining the quality due to the 

fact that computation is done across multiple small convolutions rather than a few 

larger ones. In addition to the new convolutional blocks, this version of YOLO 

reduces the load on computation by utilizing techniques such as 7x7 separable 

convolutions, which effectively keep up the spatial awareness whilst reducing the 

number of parameters [1]. 
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• Neck: Working as a channel between the backbone and the head, the neck of 

YOLOv12 sums up and refines the multi-scale features. According to [1], the area 

attention mechanism, which is a key innovation, increases the model's ability to 

focus on key areas in cluttered scenes. This reduces the number of memory 

transfers and the overhead for computation, which allows YOLOv12 to inference 

in real-time at even higher input resolutions. 

• Head: Bounding box coordinates and scores are generated here. According to [1], 

this component of YOLOv12 converts the feature maps, which have been refined 

by the neck, into the final predictions and has streamlined multi-scale detection 

pathways. In addition to that, this component utilizes a specifically made loss 

function that balances objectives by extending a typical "YOLO-style" loss to 

incorporate new attention or confidence terms. The performance of YOLOv12 is 

enhanced due to the incorporation of these new terms [1]. 

The authors [1] have stated that, by making all of these components work together, new 

standards for object detection in terms of speed and accuracy have been set. 

Though the system as a whole may be good, when used in systems such as a smart traffic 

system, external conditions must be considered [22]. In [22], the author has commented that 

due to weather conditions, such as weather, inaccuracies in traffic counts were met. This has 

led to inaccurate traffic estimates. The author has also mentioned that the right street lamps 

must be put in place in order for the system to work during nighttime. Classification of 

vehicles was also difficult for the author due to the fact that there were no specific lanes for 

each class of vehicle. In addition to that, since the author had opted to use YOLOv7, the 

starting cost was higher due to the installation cost. Due to the simplified architecture of more 

lightweight versions such as YOLOv4-tiny, the detection accuracy may become worse [23]. In 

[22], the author has stated that when using YOLOv7, due to its super-fast reasoning rate, there 

was a tiny loss of reliability, especially when tiny or unclear objects are present. 

2.2.2 Two stage: Region-based Convolutional Neural Networks (R-CNN) 

[5] have stated that the region-based convolutional neural network, more commonly 

referred to as R-CNN, has revolutionized object detection methodologies and has redefined 

the areas within image analysis. Characterized by the author as a two-stage object detection 

algorithm, R-CNN combines region proposals made with deep convolutional neural networks 

(CNNs) along with bounding box regression, specifically designed for object detection. 

The typical R-CNN architecture consists of three main components: Region Proposal, 

Feature Extraction, and classification and localization [5]. 

• Region Proposal: This is where the process starts. According to [5], the region 

proposals are essentially rectangular boxes on an image that the algorithm 

determined has the possibility of containing an object. 2000 of these region 

proposals are made, which are produced by a selective search algorithm. The 

author states that the selective search algorithm works by grouping images that 

look similar, such as by having the same color or texture. This process is done 
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iteratively. These 2000 boxes are then filtered out and resized to ensure a consistent 

input for the next image in line [24]. 

• Feature Extraction: The resized regions being made in the first step are then passed 

through a CNN, which, in the case of most R-CNNs, uses the AlexNet Architecture 

[5]. This is done to extract the relevant features. Visual characteristics such as 

shapes, colors and textures are captured due to the generation of a feature vector 

made by the CNN. These vectors are then normalized to a fixed length in order to 

reduce the impact of variations. 

• Classification and Localization: he normalized vectors are then fed into two 

separate branches: classification and localization [5]. 

o Classification: The vectors being made from each region are fed into a 

Support Vector Machine (SVM) Classifier [24]. The classifier outputs a 

probability distribution over the classes, that of which the highest will be 

assigned to the region proposal [5]. 

o Localization: The vectors made in the feature extraction component also 

pass through a linear regression layer [5]. Within this regression layer, 

regression parameters such as offset values are made, which are used to 

predict bounding box coordinates. According to Maity et al. (2021), these 

predictions refine the original proposal coordinates made in the region 

proposal component. 

[5] have stated that, despite all of the advantages R-CNN brings to the table, due to the 

feature extraction being performed in every region, the computational cost of using R-CNN 

is significantly high. Though this high cost has hindered its ability to be used in real-time 

applications, further iterations of R-CNN have tried to alleviate some of that hindrance. 

Out of all the variants discussed by [5], Faster R-CNN is the best variant for a smart traffic 

system. This variant has been investigated extensively by [7] and [24] as the backbone for the 

advanced research in smart traffic management. This variant provides the necessary vehicle 

localization efficiency needed for traffic monitoring [7]. In addition to that, it is being touted 

as the fastest variant of R-CNN by [5], even when compared to later variants like Mask R-

CNN. This speed is being achieved due to the variant integrating the Region Proposal 

Network into the algorithm. As stated by [29], the speed became of Faster R-CNN became a 

critical factor in the system made by the author. The system proposed by those authors 

achieved an accuracy of 95.7%. In the analysis done by [5], Faster R-CNN has the lowest 

computational requirements out of all 4 variants. In that same analysis, it is also stated that 

compared to the base R-CNN, Faster R-CNN has a higher mean average precision as well, 

that being 0.78. [29] have also added that this system handles overlapping objects better than 

one-stage detectors, due to Faster R-CNN's architecture. 

Though it may seem as if Faster R-CNN is the better option overall, [5] have stated that, if 

we were to use Faster R-CNN in an application needing real-time detection, like a smart traffic 

management system, a significantly powerful GPU becomes a necessity. The same author also 

adds that using Faster R-CNN means that parameter tuning must be done in a more careful 

manner compared to when using other algorithms. Though it has the lowest computational 
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requirements according to [5], the model made by [29] ran into some issues, as, according to 

those authors, models using Faster R-CNN require high computational resources for training. 

[5] have also stated that, though faster R-CNN improves speed compared to fast R-CNN, it 

has lower accuracy compared to it. 

2.2.3 Discussion of Detection Algorithm 

When using cameras as a means of vehicle detection in any system, having an object 

detection algorithm that fits the situation is paramount to the success of said system. 

Algorithms that fit both of the categories defined by [15] have been used in many proposed 

traffic management systems, each having its unique advantages and disadvantages. 

The YOLO family of models has been the most popular amongst the single-stage detectors, 

especially in traffic management systems. Its architecture allows object localization and 

classification to be done using a single neural network pass [17]. The latest and most advanced 

version, YOLOv12, represented a major step forward in real-time object detection. Through 

the integration of attention-centric mechanisms, optimized training pipelines, and improved 

architectural efficiency, the development of YOLOv12 represents a major step forward in real-

time object detection.  The system maintains YOLO’s traditional speed advantage while 

improving its detection precision. 

Despite these improvements, authors have noted several limitations when YOLO is 

implemented in real-world smart traffic systems. [22] reported that environmental factors 

such as rain, glare, or low light can cause inaccuracies in vehicle counting and classification. 

The authors also have highlighted the importance of street lighting, as when faced with a 

situation that has poor lighting, detection accuracy falls. This lack of detection accuracy can 

also be attributed to the lack of lane separation between vehicle types as well. [22] observed 

that YOLOv7, while extremely fast, occasionally suffers from reliability issues when detecting 

small or partially obscured objects. [23] found that lighter versions such as YOLOv4-tiny 

compromise accuracy for lower cost because of their simplified architecture. Overall, YOLO’s 

high speed and reasonable accuracy make it favorable for real-time traffic applications, 

though it remains somewhat sensitive to environmental conditions. 

Among two-stage detectors that are used in smart traffic management systems, R-CNN 

prioritizes precision over speed [5]. However, although the base version of R-CNN attains 

high accuracy, the author has stated that it is associated with a substantial computational cost. 

This cost is elevated the most by the Faster R-CNN variant of the base version, which is proven 

by the computational table by [5]. Studies by [7], [24], and [29] demonstrate its capability in 

dynamic traffic management systems, achieving accuracies as high as 95.7% and a mean 

average precision (mAP) of 0.78. In addition to that, [29] have added that, the Faster R-CNN 

variation has better handling of overlapping compared to other models. 

Though Faster R-CNN was meant for real-time applications, [5] note that it would need a 

powerful GPU for it to function well. [29] reported that the training process remained 

computationally expensive. Furthermore, although Faster R-CNN improves upon earlier 

variants in speed, its accuracy is slightly lower than that of Fast R-CNN [5]. 
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As we take all of the advantages and disadvantages of both of the algorithms, along with 

the challenges the authors faced when using said algorithms, this proposed system would use 

YOLO as its detection algorithm. As [5] stated, though R-CNN and Faster R-CNN boast strong 

accuracy, they come with hardware demands. In addition to that, it is less capable in real-time 

applications compared to any algorithm in the YOLO family. YOLO also offers a balance 

between providing high-speed processing, adequate accuracy, and computational efficiency, 

which are all ideal for continuous, real-time vehicle detection in diverse traffic conditions [1, 

15, 22]. 

3. METHODS AND METHODOLOGY 

Having a good, clear outline on how a project will move forward directly correlates to the 

success of said project. The first step in having a clear outline is choosing a methodology the 

project will follow. As such, this chapter outlines the methodology adopted for this study, 

along with the tools and technologies used throughout the development of the proposed 

system. 

For this project, a prototype-based experimental engineering methodology was selected. 

This approach is suitable because the primary objective of the project is to construct and 

demonstrate a proof-of-concept model of a smart traffic management system. This project 

aims to verify the feasibility of deploying a smart traffic system such as VISTA in the Maldives 

by making a physical model of the three-way intersection on the bridge connecting Male', 

Hulhumale', and Hulhule'. 

Construction, testing, and refinement of system components are all enabled in an iterative 

manner when using prototype-oriented methodologies. The most appropriate methodology 

amongst the available prototype-based methodologies was determined to be experimental 

engineering 

Other methodologies, such as evolutionary prototyping, depend heavily on continuous 

user involvement and progressive refinement, while throwaway prototyping emphasizes 

temporary models that are discarded. Incremental prototyping structures development into 

independent modules, and agile prototyping prioritizes continuous user collaboration and 

frequent updates. 

Since this project relies on producing a functional model in sequential steps, most of the 

methodologies do not fit this project. However, the experimental engineering method 

accommodates this project well. This can be attributed to the fact that this methodology allows 

the components of this project to be made and tested individually. When combined into the 

intersection model, it can be used for the simulation and analysis of this system. 

3.1 Phases 

This project can be divided into five phases: dataset creation, data labeling, model 

training, real-time detection implementation, and simulation. 

In order to train a YOLO model, a dataset must be made. This dataset will consist of 

images of miniature models of cars, buses, and motorcycles. Different angles and different 
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lighting will be used when capturing the images. As recommended by Kam et al. (2024), by 

doing this, the model will be more robust. 

Objects of interest, such as the vehicles, will be annotated on all the images. Appropriate 

class assigning, such as car, bus, or motorcycle, and bounding box drawing will be done here. 

An open-source graphical annotation tool known as LabelImg will be used in order to do the 

labeling. This tool supports formats compatible with YOLO-based systems.  

An 80-15-5 split will be done onto the labeled dataset. This is done in order to divide the 

dataset such that 80% will be used for training, 15% will be used for validation, and the rest 

will be used for testing. The model that will be trained using this split will be YOLOv8. 

In order to ensure compatibility and optimal performance on the Raspberry Pi, the trained 

YOLOv8 model will be converted to NCNN format. The Raspberry Pi will serve as the 

microcontroller for real-time vehicle detection within the physical model. 

A simulation made in Python will be developed in order to assess the system's 

performance. The number of vehicles, with each having its own timer, the simulation 

simulates with will be provided by the Raspberry Pi. There will be two modes of simulation: 

Static mode, which will serve as our baseline, as it will simulate normal traffic, and adaptive 

mode, which will serve as our proposed system simulation, as this mode will take the vehicle 

count into account when assigning green lights. 

3.2 Technologies used 

LabelImg is used by researchers for various image annotation needs, this is a powerful 

and open-source image annotation tool [19]. It enables users to draw bounding boxes around 

target objects and assign class labels, generating annotation files. This supports multiple 

formats needed on many machine learning frameworks, which includes YOLO. 

The model which this system will use is the YOLOv8. Though YOLOv12 has a higher 

accuracy and a better architecture [1, 14], YOLOv8 is more hardware efficient and has a more 

lightweight architecture. Due to this, YOLOv8 performs well on resource-constrained devices 

[15]. In addition to that, simplified training and enhanced performance on small objects are 

achieved due to its anchor-free design. 

Frequently used in research and prototyping, Raspberry Pi is a compact and versatile 

single-board computer [12]. The implementation of real-time vehicle detection for this project 

can be done on the Raspberry Pi due to its processing capability, support for Python, and 

suitability for computer vision systems. In addition, significantly greater computational 

power is offered in Raspberry Pi compared to other single-board computers such as Arduino. 

Due to the readability, available libraries, and strong compatibility with the simulation 

workflow and Raspberry Pi, Python is chosen as the project's primary programming 

language. 

4. EXPECTED RESULTS AND DISCUSSION 
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Although the proposed system has not yet been deployed in a real-world traffic 

environment at the time of writing, its expected performance can be evaluated through 

analytical reasoning, system design analysis, and comparison with conventional fixed-time 

traffic control systems. 

Traditional traffic signals employ a fixed-duration approach, assigning equal green time 

to all directions regardless of actual vehicle density. In highly dynamic environments such as 

the Sinamalé Bridge corridor, this often results in inefficient use of green time, unnecessary 

idling, and increased congestion in high-volume lanes. 

The proposed system introduces a demand-responsive mechanism by using real-time 

image data and a trained YOLO-v8 model to detect and count vehicles approaching the 

intersection. Based on this information, green-signal time is dynamically reallocated to 

prioritize lanes with higher congestion while maintaining a minimum green threshold for 

low-density or empty lanes. 

From a theoretical and system design perspective, the following improvements are 

expected: 

• Reduced average vehicle waiting time 

• Improved traffic throughput 

• More efficient use of green signal time 

• Reduced queue formation in peak directions 

• Better adaptation to sudden traffic surges 

In a linear city layout such as Hulhumalé, where traffic often builds in one dominant 

direction, this adaptive prioritisation becomes particularly beneficial. The system is therefore 

expected to perform most effectively under peak and semi-peak conditions when traditional 

methods fail to respond to real-time demand. 

However, the performance of the system may be influenced by factors such as weather 

conditions, lighting, camera angle, and dataset quality. These limitations will be addressed in 

future system iterations through improved dataset diversity, enhanced camera placement, 

and possible integration of infrared imaging for low-light conditions. 

5. CONCLUSION 

This project explored an alternative and more practical approach to managing traffic in 

linear urban environments such as Hulhumalé, where conventional smart traffic systems are 

often costly, disruptive to install, and poorly suited to the existing road structure. A camera-

based intelligent traffic signal control system was therefore proposed, using computer vision 

and a YOLO-based model to detect vehicles and adjust signal timings according to real-time 

traffic conditions. 

Through a detailed review of existing sensor technologies, cameras were identified as the 

most suitable option for the Maldivian context. Unlike embedded sensors, cameras do not 
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require road excavation and can be installed with minimal impact on infrastructure. Likewise, 

YOLO-based object detection was selected due to its strong balance between speed and 

accuracy, making it well-suited for real-time applications on resource-constrained devices 

such as the Raspberry Pi. 

Although the system has not yet been tested in a real-world environment, the design, 

methodology, and simulation framework suggest that it has strong potential to reduce 

unnecessary waiting time at traffic lights and improve the overall flow of vehicles—

particularly during peak hours on the Sinamalé Bridge. This represents a meaningful step 

toward smarter and more responsive traffic management in Hulhumalé. 

Future work will involve deploying the system at an actual intersection, collecting and 

analysing real traffic data, and comparing its performance with the current fixed-time signal 

system. Additional improvements may include enhancing low-light detection, strengthening 

the training dataset, and expanding the system to coordinate multiple intersections. With 

further development, this approach could contribute to wider smart city initiatives in the 

Maldives and provide a useful model for other small island cities facing similar traffic 

challenges. 
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