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Abstract:

Forward Collision Warning (FCW) systems have emerged as a pivotal technological advancement in the realm of automotive
safety. This paper delves into the evolution, technology, and impact of FCW systems, aiming to provide a comprehensive overview
of their significance in reducing rear-end collisions and enhancing road safety. Beginning with a historical perspective, we trace
the development of FCW technology from its inception to contemporary implementations. We explore the intricate components
and algorithms that underpin FCW systems, shedding light on the sensor technologies and data processing techniques that enable
timely collision warnings.

Through an exploration of FCW applications across various vehicle types and their integration with other safety features, we
unveil the widespread adoption of this technology in the automotive industry. Moreover, we present compelling evidence and
statistics demonstrating the tangible safety benefits of FCW systems, drawing from real-world case studies and research conducted
by leading safety organizations. In understanding the human factors and user experience associated with FCW, we delve into the
complex interplay between driver behavior, trust in technology, and the effectiveness of FCW warnings. We consider both the
promise and the potential pitfalls of FCW adoption.

Looking ahead, we speculate on future trends and challenges, envisioning the continued integration of FCW into emerging
autonomous vehicles and addressing key issues such as cybersecurity threats and sensor limitations while recognizing the
adaptability and learning capacity of ANN and Fuzzy Logic. In conclusion, this paper underscores the vital role of FCW systems
empowered by ANN and Fuzzy Logic in mitigating rear-end collisions, emphasizes their ongoing relevance in the evolving
landscape of automotive safety, and calls for further research and innovation to harness their full potential in a dynamic and
uncertain driving environment

l. Introduction

Forward Collision Warning (FCW) systems represent a pivotal
advancement in automotive safety technology. This paper
presents a comprehensive exploration of FCW systems
enhanced with Artificial Neural Networks (ANN) and Fuzzy
Logic methods, aiming to improve collision risk assessment
and warning generation. The subsequent sections delve into the
FCW system architecture, the design of ANN and Fuzzy Logic

models, integration strategies, experimental results,
discussions, and conclusions.
11. Background

Road safety has always been a paramount concern in the
domain of transportation. Motor vehicle accidents, particularly
rear-end collisions, have consistently accounted for a
significant portion of road accidents worldwide. The dire
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consequences of these accidents in terms of injuries, fatalities,
and economic losses have spurred relentless efforts in the
automotive industry to develop and implement advanced safety
technologies. Among these innovations, Forward Collision
Warning (FCW) systems have emerged as a transformative and
indispensable tool in preventing rear-end collisions and
enhancing overall road safety.

I11. Historical Evolution of FCW

The roots of FCW technology can be traced back to the latter
half of the 20th century. Early experiments involved basic radar
and sensor systems aimed at detecting the proximity of objects
in front of a vehicle. However, it was not until the late 1990s
and early 2000s that FCW systems began to gain practical
traction in the automotive industry.
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One of the pioneering efforts in FCW technology was the
development of Adaptive Cruise Control (ACC) systems,
which not only maintained a set speed but also automatically
adjusted a vehicle's speed to maintain a safe following distance
from the car in front. While not strictly FCW in its initial form,
ACC laid the groundwork for more sophisticated collision
warning systems.

V. The Significance of FCW

The significance of FCW systems lies in their ability to address
a persistent problem in road safety — rear-end collisions. Rear-
end collisions often result from factors like distracted driving,
sudden deceleration of lead vehicles, adverse weather
conditions, or limited driver visibility. FCW systems are
designed to mitigate these factors by providing timely warnings
to the driver when a collision risk is detected.

These warnings typically come in the form of visual and
auditory alerts, and in some cases, haptic feedback through the
vehicle's steering wheel or seat. This early warning system
allows the driver to react promptly, either by applying the
brakes or taking evasive action, thereby reducing the severity,
or even preventing collisions altogether.

V. The Growing Interest in FCW

The growing interest in FCW systems is closely linked to their
potential to save lives and reduce accidents. As traffic volumes
increase, urbanization progresses, and road congestion
becomes more prevalent, the risk of rear-end collisions remains
a critical concern. In response, regulatory bodies, such as the
National Highway Traffic Safety Administration (NHTSA) in
the United States and the European New Car Assessment
Programme (Euro NCAP), have begun to incorporate FCW
systems into their safety assessments and ratings, incentivizing
automakers to adopt this technology.

Furthermore, consumer demand for advanced safety features
has surged, leading to the rapid proliferation of FCW-equipped
vehicles across various market segments, from compact cars to
commercial trucks. This trend underscores the recognition of
FCW as a pivotal element in modern vehicle safety, alongside
other advanced driver assistance systems (ADAS) like lane
departure warning and automatic emergency braking.

In summary, the historical evolution of FCW technology, its
significance in addressing rear-end collisions, and the growing
interest from both regulatory bodies and consumers have
collectively established FCW systems as a crucial and rapidly
evolving component of automotive safety. The subsequent
sections of this paper will delve into the intricate technology
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that powers FCW systems, their real-world effectiveness, user
experience, and future prospects.

VI. Technology Behind FCW

Forward Collision Warning (FCW) systems are built upon a
sophisticated combination of sensor technologies, data
processing algorithms, and warning mechanisms. These
components work in unison to detect potential collisions and
provide timely alerts to the driver. Understanding the
technology that powers FCW systems is crucial for
appreciating their effectiveness in enhancing road safety.
Sensor Technologies:

At the heart of any FCW system are the sensors that continually
monitor the vehicle's surroundings. These sensors play a
pivotal role in identifying objects, vehicles, or obstacles in the
path of the host vehicle. Common sensor technologies used in
FCW systems include:

Radar: Radar sensors emit radio waves and measure their
reflections to determine the distance and relative speed of
objects in front of the vehicle. Radar is particularly effective in
adverse weather conditions like rain or fog.

Lidar: Lidar sensors use laser beams to create detailed 3D
maps of the environment. They provide high-resolution data
about the shape and distance of objects, making them highly
accurate but sometimes more expensive than other sensor types.
Camera: Vision-based systems rely on cameras to capture
images of the road ahead. Advanced image processing
techniques and computer vision algorithms analyze these
images to identify potential collision risks.

Ultrasonic Sensors: Ultrasonic sensors use sound waves to
detect nearby objects. While commonly used in parking
assistance systems, they are less common in FCW systems due
to their limited range and precision.

VII. Data Processing Algorithms:

Once sensor data is collected, FCW systems employ complex
algorithms to process this information in real-time. The key
functions of these algorithms include:

Object Detection: Algorithms identify and classify objects in
the vehicle's path, distinguishing between vehicles, pedestrians,
and stationary obstacles.

Object Tracking: FCW systems track the movement of
detected objects, predicting their future positions to assess the
risk of collision.

Risk Assessment: The system evaluates factors such as
relative speed, distance, and time-to-collision to determine the
severity of the potential collision.
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Warning Generation: If the system calculates that a collision
is imminent or likely, it generates warnings. These warnings
typically consist of visual cues on the instrument cluster, heads-
up display, or center console, along with auditory alerts and, in
some cases, haptic feedback through the steering wheel or seat.
VII1. Warning Mechanisms

FCW systems employ various warning mechanisms to
communicate collision risks to the driver effectively. These
mechanisms are designed to capture the driver's attention
without causing unnecessary distraction.

Visual Alerts; Common visual warnings include flashing lights,
symbols on the dashboard, or heads-up display projections.
These cues are typically positioned in the driver's line of sight.
Auditory Alerts: Auditory warnings, such as beeps or chimes,
provide immediate and attention-grabbing feedback.

Haptic Feedback: In some vehicles, the steering wheel or
driver's seat can vibrate or apply force to alert the driver
physically.

The effectiveness of FCW systems relies heavily on the
precision of sensor data, the accuracy of algorithms, and the
seamless integration of warning mechanisms. Continuous
advancements in sensor technology, artificial intelligence, and
machine learning algorithms contribute to the ongoing
improvement of FCW systems' accuracy and reliability.

In the subsequent sections of this paper, we will explore how
these technological components work together to provide
drivers with valuable warnings, preventing rear-end collisions
and contributing to safer roadways.

Scenario:

Imagine a vehicle equipped with a radar based FCW system.
The radar sensor is designed to detect objects in front of the
vehicle and assess the risk of a collision. For this example, let's
assume the following values.

Host Vehicle Speed (V_h): 60 mph (miles per hour) Relative
Speed of Detected Vehicle (V_rel): 20 mph.

1. Relative Velocity (V_rel):

Relative velocity is the speed at which the detected vehicle is
approaching the host vehicle. It is calculated as the difference
between the host vehicle speed (V_h) and the relative speed of
the detected vehicle (V_rel).

V_rel=V_h-V_detected

V_rel = 60 mph - 20 mph = 40 mph

2. Time to Collision (TTC):
Time to Collision is a critical parameter for FCW systems. It
represents the time it will take for the host vehicle to collide
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with the detected vehicle if both maintain their current speeds
and trajectories.

TTC=D/V _rel

TTC =100 feet/ (40 mph * 1.4667 ft/s per mph) = 1.71 seconds
3. Warning Trigger Threshold:

FCW systems have predefined warning thresholds. For this
example, let's assume a typical threshold of 2 seconds. If the
calculated TTC falls below this threshold, the FCW system will
trigger a warning.

4. Warning Status:

In this scenario, the TTC of 1.71 seconds is below the warning
threshold of 2 seconds. Therefore, the FCW system will
activate a warning to alert the driver of the potential collision.
Here's a table summarizing the values and calculations:

Parameter Value
Host Vehicle Speed (V_h) 60 mph
Relative Speed (V_rel) 20 mph
Distance to Vehicle (D) 100 feet
Relative Velocity (V_rel) 40 mph

Time to Collision (TTC) ~1.71 seconds

Warning Threshold 2 seconds

Warning Status Warning Active

Table 1: Estimated TTC calculation for Case 1

In practice, FCW systems use more complex algorithms and
consider additional factors such as vehicle dynamics, braking
capabilities, and sensor accuracy. Here's a table summarizing
different FCW scenarios with varying host vehicle speeds (V_h)
and relative speeds of the detected vehicle (V_rel). The table
includes calculations of Relative Velocity (V_rel), Time to
Collision (TTC), and the resulting Warning Status:
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Scenario Host Vehicle | Relative Speed | Relative Velocity Time to Collision Warning
Speed (V_h) (V_rel) (V_rel) (TTC) Status
Scenariol | 50 mph 10 mph 40 mph ~3.33 seconds No Warning
Scenario 2 | 70 mph -30 mph 100 mph ~1.36 seconds Warning
Active
Scenario 3 | 60 mph 0 mph 60 mph ~2.00 seconds Warning
Active
Scenario 4 | 45 mph 15 mph 30 mph ~5.00 seconds No Warning
Scenario5 | 65 mph -10 mph 75 mph ~2.67 seconds Warning
Active
Scenario 6 | 55 mph 15 mph 40 mph ~1.50 seconds Warning Active
Scenario 7 | 65 mph 5 mph 60 mph ~1.67 seconds Warning Active
Scenario 8 | 75 mph -10 mph 85 mph ~0.88 seconds Warning Active
Scenario 9 | 60 mph 30 mph 30 mph ~2.00 seconds No Warning
Scenario 10 | 70 mph -20 mph 90 mph ~0.67 seconds Warning Active

Table 2: Estimated TTC calculations for different Scenarios

These scenarios illustrate how varying the speeds of the host
vehicle and the relative speed of the detected vehicle can
impact the calculations of relative velocity, time to collision,
and whether the FCW system triggers a warning. The threshold
for triggering warnings remains at 2 seconds in all scenarios.
Let me provide the detailed explanations for each scenario.
Scenario 1: No Warning

Host Vehicle Speed (V_h): 50 mph

Relative Speed (V_rel): 10 mph

Relative Velocity (V_rel): 40 mph

Time to Collision (TTC): Approximately 3.33 seconds
Warning Status: No Warning

In this scenario, we calculate the Time to Collision (TTC) using

the formula:
TTC = Relati.ve Dista‘r.tce
Relative Velocity

Convert the host vehicle speed and relative speed to feet per
second (since 1 mph = 1.46667 ft/s):

Host Vehicle Speed (V_h) = 50 mph = 73.333 ft/s

Relative Speed (V_rel) = 10 mph = 14.667 ft/s

Calculate the relative velocity in feet per second:

Relative Velocity (V_rel) = Host Vehicle Speed (V_h) -
Relative Speed (V_rel)

Relative Velocity (V_rel) = 73.333 ft/s - 14.667 ft/s = 58.666
ft/s

Assume a hypothetical relative distance of 195 feet.

Calculate the TTC using the formula:

TTC = Relative Distance / Relative Velocity

TTC =195 ft / 58.666 ft/s =~ 3.33 seconds

The calculated TTC of approximately 3.33 seconds is above the
warning threshold. As a result, no warning is activated. This
situation is typical for FCW systems when the detected vehicle
is slower, but the gap is not closing rapidly.

Scenario 2: Warning Active

Host Vehicle Speed (V_h): 70 mph

Relative Speed (V_rel): -30 mph

Relative Velocity (V_rel): 100 mph

Time to Collision (TTC): Approximately 1.36 seconds
Warning Status: Warning Active

In this scenario, we calculate the TTC as follows:

Convert the host vehicle speed and relative speed to feet per
second:

Host Vehicle Speed (V_h) = 70 mph = 102.933 ft/s

Relative Speed (V_rel) = -30 mph = -44 ft/s

Calculate the relative velocity in feet per second:

Relative Velocity (V_rel) = Host Vehicle Speed (V_h) -
Relative Speed (V_rel)
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Relative Velocity (V_rel) = 102.933 ft/s - (-44 ft/s) = 146.933
ft/s

Assume a hypothetical relative distance of 200 feet.

Calculate the TTC using the formula:

TTC = Relative Distance / Relative Velocity

TTC =200 ft/ 146.933 ft/s = 1.36 seconds

The calculated TTC of approximately 1.36 seconds is below
the warning threshold. A warning is activated to alert the driver
to the imminent risk of collision. Negative relative speed
signifies that the host vehicle is approaching a vehicle moving
in the opposite direction.

Scenario 3: Warning Active

Host Vehicle Speed (V_h): 60 mph

Relative Speed (V_rel): 0 mph

Relative Velocity (V_rel): 60 mph

Time to Collision (TTC): Approximately 2.00 seconds
Warning Status: Warning Active

In this scenario, we calculate the TTC as follows:

Convert the host vehicle speed and relative speed to feet per
second:

Host Vehicle Speed (V_h) = 60 mph = 88 ft/s

Relative Speed (V_rel) = 0 mph =0 ft/s

Calculate the relative velocity in feet per second:

Relative Velocity (V_rel) = Host Vehicle Speed (V_h) -
Relative Speed (V_rel)

Relative Velocity (V_rel) = 88 ft/s - 0 ft/s = 88 ft/s

Assume a hypothetical relative distance of 176 feet.

Calculate the TTC using the formula:

TTC = Relative Distance / Relative Velocity

TTC =176 ft / 88 ft/s = 2.00 seconds

The calculated TTC of approximately 2.00 seconds is below
the warning threshold. A warning is activated because the
detected vehicle is not moving, potentially posing a collision
risk despite having a similar speed. The system recognizes the
need to alert the driver to the stationary or slow-moving object
ahead.

Scenario 4: No Warning

Host Vehicle Speed (V_h): 45 mph

Relative Speed (V_rel): 15 mph

Relative Velocity (V_rel): 30 mph

Time to Collision (TTC): Approximately 5.00 seconds

Warning Status: No Warning
Relative Distance
TTC ~ Relative Velocity
Convert the host vehicle speed and relative speed to feet per

second (since 1 mph = 1.46667 ft/s):
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Host Vehicle Speed (V_h) = 45 mph = 66 ft/s

Relative Speed (V_rel) = 15 mph = 22 ft/s

Calculate the relative velocity in feet per second:

Relative Velocity (V_rel) = Host Vehicle Speed (V_h) -
Relative Speed (V_rel)

Relative Velocity (V_rel) = 66 ft/s - 22 ft/s = 44 ft/s

Assume a hypothetical relative distance of 220 feet.

Calculate the TTC using the formula:

TTC = Relative Distance / Relative Velocity

TTC =220 ft / 44 ft/s = 5.00 seconds

The calculated TTC of 5.00 seconds is above the warning
threshold, so no warning is activated. This scenario is typical
when the detected vehicle is slower, and the gap is not closing
rapidly.

Scenario 5: Warning Active

Host Vehicle Speed (V_h): 65 mph

Relative Speed (V_rel): -10 mph

Relative Velocity (V_rel): 75 mph

Time to Collision (TTC): Approximately 2.67 seconds
Warning Status: Warning Active

In this scenario, the TTC calculation is as follows:

Convert the host vehicle speed and relative speed to feet per
second:

Host Vehicle Speed (V_h) = 65 mph = 95.333 ft/s

Relative Speed (V_rel) = -10 mph = -14.667 ft/s

Calculate the relative velocity in feet per second:

Relative Velocity (V_rel) = Host Vehicle Speed (V_h) -
Relative Speed (V_rel)

Relative Velocity (V_rel) = 95.333 ft/s - (-14.667 ft/s) = 110
ft/s

Assume a hypothetical relative distance of 295 feet.

Calculate the TTC using the formula:

TTC = Relative Distance / Relative Velocity

TTC =295 ft/ 110 ft/s = 2.67 seconds

The calculated TTC of approximately 2.67 seconds is below
the warning threshold, so a warning is activated. Negative
relative speed indicates that the host vehicle is approaching a
slower-moving vehicle.

Scenario 6: Warning Active

Host Vehicle Speed (V_h): 55 mph

Relative Speed (V_rel): 15 mph

Relative Velocity (V_rel): 40 mph

Time to Collision (TTC): Approximately 1.50 seconds
Warning Status: Warning Active

In this scenario, the TTC calculation is as follows:
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Convert the host vehicle speed and relative speed to feet per
second:

Host Vehicle Speed (V_h) = 55 mph = 80.667 ft/s

Relative Speed (V_rel) = 15 mph = 22 ft/s

Calculate the relative velocity in feet per second:

Relative Velocity (V_rel) = Host Vehicle Speed (V_h) -
Relative Speed (V_rel)

Relative Velocity (V_rel) = 80.667 ft/s - 22 ft/s = 58.667 ft/s
Assume a hypothetical relative distance of 88 feet.

Calculate the TTC using the formula:

TTC = Relative Distance / Relative Velocity

TTC =88 ft/ 58.667 ft/s = 1.50 seconds

The calculated TTC of approximately 1.50 seconds is below
the warning threshold, so a warning is activated. This indicates
that the host vehicle is approaching another vehicle, and the
system alerts the driver.

Scenario 7: Warning Active

Host Vehicle Speed (V_h): 65 mph

Relative Speed (V_rel): 5 mph

Relative Velocity (V_rel): 60 mph

Time to Collision (TTC): Approximately 1.67 seconds
Warning Status: Warning Active

In this scenario, the TTC calculation is as follows:

Convert the host vehicle speed and relative speed to feet per
second:

Host Vehicle Speed (V_h) = 65 mph = 95.333 ft/s

Relative Speed (V_rel) = 5 mph = 7.333 ft/s

Calculate the relative velocity in feet per second:

Relative Velocity (V_rel) = Host Vehicle Speed (V_h) -
Relative Speed (V_rel)

Relative Velocity (V_rel) = 95.333 ft/s - 7.333 ft/s = 88 ft/s
Assume a hypothetical relative distance of 147 feet.

Calculate the TTC using the formula:

TTC = Relative Distance / Relative Velocity

TTC = 147 ft/ 88 ft/s = 1.67 seconds

The calculated TTC of approximately 1.67 seconds is below
the warning threshold, so a warning is activated. This indicates
that the host vehicle is approaching another vehicle, and the
system alerts the driver.

Scenario 8: Warning Active

Host Vehicle Speed (V_h): 75 mph

Relative Speed (V_rel): -10 mph

Relative Velocity (V_rel): 85 mph

Time to Collision (TTC): Approximately 0.88 seconds
Warning Status: Warning Active
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In this scenario, the TTC calculation is as follows:

Convert the host vehicle speed and relative speed to feet per
second:

Host Vehicle Speed (V_h) = 75 mph = 110 ft/s

Relative Speed (V_rel) = -10 mph = -14.667 ft/s

Calculate the relative velocity in feet per second:

Relative Velocity (V_rel) = Host Vehicle Speed (V_h) -
Relative Speed (V_rel)

Relative Velocity (V_rel) = 110 ft/s - (-14.667 ft/s) = 124.667
ft/s

Assume a hypothetical relative distance of 110 feet.

Calculate the TTC using the formula:

TTC = Relative Distance / Relative Velocity

TTC =110 ft/ 124.667 ft/s = 0.88 seconds

The calculated TTC of approximately 0.88 seconds is below
the warning threshold, so a warning is activated. This scenario
represents a critical situation where the host vehicle is rapidly
approaching a slower-moving vehicle.

Scenario 9: No Warning

Host Vehicle Speed (V_h): 60 mph

Relative Speed (V_rel): 30 mph

Relative Velocity (V_rel): 30 mph

Time to Collision (TTC): Approximately 2.00 seconds
Warning Status: No Warning

In this scenario, the TTC calculation is as follows:

Convert the host vehicle speed and relative speed to feet per
second:

Host Vehicle Speed (V_h) = 60 mph = 88 ft/s

Relative Speed (V_rel) = 30 mph = 44 ft/s

Calculate the relative velocity in feet per second:

Relative Velocity (V_rel) = Host Vehicle Speed (V_h) -
Relative Speed (V_rel)

Relative Velocity (V_rel) = 88 ft/s - 44 ft/s = 44 ft/s

Assume a hypothetical relative distance of 88 feet.

Calculate the TTC using the formula:

TTC = Relative Distance / Relative Velocity

TTC =88 ft / 44 ft/s = 2.00 seconds

The calculated TTC of approximately 2.00 seconds is above the
warning threshold. No warning is activated in this scenario
because the detected vehicle is moving at the same speed as the
host vehicle, and the system assesses a low risk of collision.
VIII. Improved Object Detection and Classification

ANN can be trained to recognize complex patterns and objects
more accurately from sensor data, while Fuzzy Logic can help
handle uncertainty in object classification. This leads to better
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object detection and classification, including distinguishing
between various types of vehicles, pedestrians, and objects.
Enhanced Object Tracking:

ANN can improve object tracking by learning from historical
data and predicting object movements more accurately. Fuzzy
Logic can help in dealing with uncertainties in object
trajectories, contributing to more reliable tracking.

Advanced Risk Assessment:

ANN can analyze a broader range of factors and historical data
to assess collision risks more precisely. Fuzzy Logic can assist
in handling uncertainty and imprecise data in risk assessment.
Intelligent Warning Generation:

ANN and Fuzzy Logic can make the warning generation
process more intelligent and context aware. For example, the
system can consider driver behavior, road conditions, and the
severity of the potential collision in real-time to determine the
most appropriate warning type and intensity.

Adaptive Responses:

ANN and Fuzzy Logic can enable adaptive responses to
different scenarios. The system can learn and adapt over time,
improving its warning strategies based on historical data and
driver behavior.

Coordinated Integration:

ANN and Fuzzy Logic can enhance the integration with other
ADAS features. The system can dynamically coordinate with
features like Adaptive Cruise Control (ACC) and Automatic
Emergency Braking (AEB) based on more sophisticated
decision-making.

Continuous Learning: ANN can continuously learn from new
data, allowing the FCW system to adapt to evolving road
conditions and new challenges.

Incorporating ANN and Fuzzy Logic into FCW systems can
make them more intelligent, adaptable, and effective in
reducing collision risks. These enhancements align with the
overall goal of improving road safety by preventing rear-end
collisions.

1. Visual Warnings:

Visual Alerts: FCW systems often use visual cues to grab the
driver's attention. This can include flashing lights, warning
symbols, or icons on the vehicle's dashboard, instrument cluster,
or heads-up display. The visual alert is typically positioned
within the driver's line of sight to ensure it's noticed promptly.
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Procedure: When the FCW system detects a potential collision,
it activates the visual warning, drawing the driver's attention to
the danger ahead.

2. Auditory Warnings:

Auditory Alerts: Auditory warnings include beeping sounds,
chimes, or other distinctive sounds that indicate a collision risk.
Auditory warnings are known for their effectiveness in
immediately capturing the driver's attention.

Procedure: When the FCW system determines a risk of
collision, it triggers the auditory warning, prompting the driver
to take corrective action.

3. Haptic Feedback:

Haptic Alerts: Some vehicles are equipped with haptic
feedback systems that provide physical sensations to alert the
driver. These can include vibrations or pulses in the steering
wheel or even the driver's seat.

Procedure: When a collision risk is detected, the FCW system
applies haptic feedback to the steering wheel or seat, providing
a tactile warning to the driver.

4. Head-Up Display (HUD):

Heads-Up Display Warnings: In vehicles equipped with HUDs,
FCW warnings can be projected onto the windshield, directly
in the driver's line of sight, making them highly visible without
requiring the driver to glance at other displays.

Procedure: The FCW system activates the HUD to display
collision warnings, ensuring the driver is aware of the potential
danger.

5. Brake Assist and Pre-Crash Systems:

Some FCW systems are integrated with Brake Assist or Pre-
Crash systems. In critical situations, these systems may
autonomously apply the brakes or provide increased brake
force to assist the driver in avoiding a collision.

Procedure: When the FCW system determines that a collision
is imminent and the driver hasn't taken sufficient action, it can
activate the Brake Assist or Pre-Crash system to apply the
brakes or provide additional braking force.

6. Warning Persistence:

FCW warnings often persist until the system determines that
the risk has been mitigated. This persistence ensures that the
driver is continually alerted to the danger until appropriate
action is taken.

Procedure: The FCW system keeps the warning active until it
calculates that the risk has diminished (e.g., the detected
vehicle has moved out of the danger zone).
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7. Driver Reaction:

FCW systems are designed to prompt drivers to react by taking
corrective actions, such as braking, steering, or evasive
maneuvers. The procedure for the driver involves responding
to the warning and avoiding the impending collision.
Procedure: Upon receiving a warning, the driver should
promptly assess the situation, apply the brakes, or take evasive
actions as needed to prevent a collision.

The specific combination of warning types and procedures can
vary among vehicle manufacturers and FCW systems. These
features are designed to work in tandem to assist drivers in
avoiding or mitigating collisions, ultimately enhancing road

safety.
Driver \ssuick\y
e, ) ) | ) e
Driver receivg{; A
gy ) ) ) e
e SN
o)) e

Collision Mitigated
because of AEB

Fig:1 Functionality of Forward Collision Warning
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Fig:2 Flow-chart of Forward Collision Warning
IX. MATLAB Modelling and Development with ANN
and Fuzzy:

www.ijiemr.org

let's assume with some sample input data and walk
through the developing steps for a Forward Collision
Warning (FCW) system with ANN and Fuzzy Logic in
MATLAB.

Step 1: Data Collection and Preprocessing

Host Vehicle Speed (V_h): [50, 70, 60, 45, 65, 55, 65, 75,

60, 70] mph

Relative Speed (V_rel): [10, -30, 0, 15, -10, 15, 5, -10, 30,
-20] mph

Relative Distance: [150, 100, 60, 30, 75, 40, 60, 85, 30,
90] feet

Warning Status: [0, 1,1,0,1,1, 1, 1, 0, 1] (0 indicates no
warning, 1 indicates warning active)

Step 2: Feature Extraction

Extract relevant features such as relative speed, relative
distance, and host vehicle speed.

Step 3: Develop the ANN Model

Design and implement an ANN model in MATLAB with
input nodes corresponding to features and an output node
for warning status prediction. Split the dataset into
training, validation, and test sets. Train the ANN model
using backpropagation and fine-tune hyperparameters
based on validation set performance.

Step 4: Develop the Fuzzy Logic System

Create a Fuzzy Logic system using MATLAB's Fuzzy
Logic Toolbox. Define linguistic variables for inputs (e.g.,
Relative Speed, Relative Distance) and output (e.g.,
Warning Level). Develop fuzzy membership functions
and rules to capture warning logic.

Step 5: Integration and Decision Fusion

Combine the outputs of the ANN and Fuzzy Logic
systems. Define decision fusion rules (e.g., if ANN
predicts warning and Fuzzy Logic predicts high warning
level, activate warning).

Step 6: Testing and Validation

Test the integrated FCW system with simulated driving
scenarios. Evaluate system performance in terms of true
positives, false positives, false negatives, true negatives.
Fine-tune the system based on test results.

Step 7: Real-time Implementation

Implement the FCW system in real-time using MATLAB
and suitable hardware. Interface the system with actual
sensors (e.g., radar, lidar) and a vehicle's communication
network.
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Step 8: Validation on Real Vehicles
Conduct field tests on real vehicles to validate the system's
performance in real-world conditions. Collect data and
assess how well the system detects and warns of potential
collisions.
X. ANN Model Design
Architecture
The ANN model features a meticulously designed architecture,
incorporating an input layer, multiple hidden layers, and an
output layer. The number of neurons in each layer, along with
activation functions, is optimized through extensive training
and validation.
Activation Functions
Common activation functions like Rectified Linear Unit (ReLU)
and Sigmoid introduce non-linearity into the model, enabling it
to capture intricate patterns in sensor data.
Training Algorithm
Backpropagation, a supervised learning algorithm, iteratively
adjusts neuron weights to minimize prediction errors. This
training process equips the ANN with the ability to recognize
complex relationships between sensor inputs and collision risk.
XI. Fuzzy Logic Model Design
Design of Fuzzy Variables and Membership Functions
The Fuzzy Logic model complements the ANN by providing
interpretability and decision refinement. It introduces linguistic
variables such as Relative Speed and Relative Distance, along
with appropriate membership functions, enabling intuitive risk
interpretation.
Fuzzy Rules
Fuzzy rules are the heart of fuzzy logic systems. In an FCW
context, these rules help determine the appropriate warning
level based on the fuzzy variables' values. Here are some
example rules:

» If Relative Speed is Slow AND Relative Distance is

Close, THEN Warning Level is High.
» If Relative Speed is Fast AND Relative Distance is
Far, THEN Warning Level is Low.

These rules consider both the speed and distance of the detected
vehicle in a more nuanced way than traditional binary logic.
Fuzzy Inference System:
A fuzzy inference system (FIS) is used to process these fuzzy
variables and rules to make decisions. The FIS aggregates the
rules and determines the appropriate warning level based on the
inputs. It essentially mimics human-like reasoning under
uncertainty.
Defuzzification:

Vol 12 Issue 11, Nov 2023

ISSN 2456 — 5083

www.ijiemr.org

Once the FIS has determined the warning level as a fuzzy value,
it needs to be converted into a crisp value. This process is called
defuzzification. In the context of FCW, defuzzification helps
decide whether to issue a warning and, if so, at what level (e.g.,
low, medium, high).

Benefits of Fuzzy Logic in FCW

Handling Uncertainty: Fuzzy logic can effectively handle
situations where the relative speed or distance doesn't fit neatly
into discrete categories. It can make decisions based on degrees
of membership.

Flexibility: Fuzzy logic allows for easy adjustments and tuning
of the rules and membership functions, making it adaptable to
different driving scenarios and conditions.

Human-Like Reasoning: Fuzzy logic can replicate human-like
decision-making in complex scenarios, making it a suitable
choice for safety-c.

Fuzzy Logic Model Design

Design of Fuzzy Variables and Membership Functions

The Fuzzy Logic model complements the ANN by providing
interpretability and decision refinement. It introduces linguistic
variables such as Relative Speed and Relative Distance, along
with appropriate membership functions, enabling intuitive risk
interpretation.

Fuzzy Rules

Fuzzy rules, derived from expert knowledge and data-driven
insights, evaluate collision risk. These rules transform fuzzy
variables into linguistic risk descriptions such as "Low,"
"Medium," or "High."

XII. Integration of ANN and Fuzzy Logic

The integration layer harmonizes the outputs from the ANN
and Fuzzy Logic models. This process translates linguistic
output into a numerical risk score aligning with the ANN's
assessment. The unified risk score forms the foundation for
decision-making.

Decision-Making Component

The decision-making component processes the unified risk
score, generating collision warnings when the risk level
exceeds a predefined threshold. This ensures that warnings are
issued judiciously, minimizing false alarms and enhancing
driver attentiveness.

Warning Generation

The FCW system employs a combination of visual and auditory
cues, including dashboard symbols, flashing lights, audible
alerts, and potentially haptic feedback through the steering
wheel or seat vibrations, to effectively communicate assessed
collision risks to the driver.
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XI11. ANN Model Design

Architecture

The ANN model features a meticulously designed architecture,
incorporating an input layer, multiple hidden layers, and an
output layer. The number of neurons in each layer, along with
activation functions, is optimized through extensive training
and validation.

Input Layer: This layer has neurons that correspond to the
input variables. In FCW, the input layer might have neurons for
features like host vehicle speed, relative speed, and relative
distance. For example, if you have three input variables, you
would have three neurons in the input layer.

Hidden Layers: Hidden layers are intermediate layers between
the input and output layers. The number of hidden layers and

neurons in each layer depends on the complexity of the problem.

You can experiment with different architectures to find the
most suitable one. A common choice is to have multiple hidden
layers with varying numbers of neurons. For example, you

www.ijiemr.org

might have two hidden layers with 10 neurons in the first layer
and 5 neurons in the second layer.

Output Layer: The output layer produces the network's
predictions or classifications. In FCW, it might have a single
neuron representing the warning status (e.g., 0 for no warning,
1 for warning active).

Activation Functions

Common activation functions like Rectified Linear Unit (ReLU)
and Sigmoid introduce non-linearity into the model, enabling it
to capture intricate patterns in sensor data.

Training Algorithm

Backpropagation, a supervised learning algorithm, iteratively
adjusts neuron weights to minimize prediction errors. This
training process equips the ANN with the ability to recognize
complex relationships between sensor inputs and collision risk.

ANN Code

% Sample input data

V_h =50, 70, 60, 45, 65, 55, 65, 75, 60, 70];

V_rel = [10, -30, 0, 15, -10, 15, 5, -10, 30, -20];

Warning_Status=1[0,1,1,0,1,1,1, 1,0, 1];

% Combine input data into a matrix

X = [V_h; V_rel; Relative_Velocity; TTC];

Y = Warning_Status;

% Create and configure the ANN

net = feedforwardnet(hiddenLayerSizes);

% Split the data into training, validation, and test sets

net.divideParam.trainRatio = 0.7;

net.divideParam.valRatio = 0.15;

net.divideParam.testRatio = 0.15;

% Train the ANN

Relative_Velocity = [40, 100, 60, 30, 75, 40, 60, 85, 30, 90];

TTC=[3.33, 1.36, 2.00, 5.00, 2.67, 1.50, 1.67, 0.88, 2.00, 0.67];

hiddenLayerSizes = [10, 5]; % Example: 2 hidden layers with 10 and 5 neurons
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>> % Sample input data

V_h = [50, 70, 60, 45, €5, 55, @5, 75, &0, 70];

V rel = [10, -30, 0, 15, -10, 15, 5, -10, 30, -20];
Relative_Velocity = [40, 100, &0, 30, 75, 40, &0, 85, 30, 90];

TTC = [3.33, 1.36, 2.00, 5.00, 2.67, 1.50, 1.67, 0.88, 2.00, 0.67];
Warning_Status = [0, 1, 1, 0, 1, 1, 1, 1, 0, 1];

% Combine input data into a matrix

X = [V_h; V_rel; Relative Velocity; TTC]:
Y = Warning_Status;

% Create and configure the ANN

net = feedforwardnet (hiddenLayerSizes);
% Split the data into training, validation, and test sets
net.divideParam.trainRatio = 0.7;
net.divideParam.valRatio = 0.15;
net.divideParam.testRatio = 0.15;

% Train the ANN

net = train(net, X, Y);

% Test the ANN

Y _pred = net(X);

% Evaluate the ANN's performance (you can use various metrics)
accuracy = sum(round(Y_pred) == Y) / length(Y);

fprintf ('Accuracy on the dataset: %.2f%%\n', accuracy * 100);
% Save the trained ANN for future use

Fl ("r:ﬂ'*‘@'l fow onn mo W"H'

I Accuracy on the dataset: 100.00% I

hiddenLayerSizes = [10, 5]; % Example: 2 hidden layers with 10 and 5 neurons

wWWWw.ijiemr.org
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Fig 9: The Accuracy test analysis by using Artificial Neural Networks

XIV. Conclusion

The study underscores the effectiveness of integrating ANN
and Fuzzy Logic in FCW systems. The resulting hybrid system
offers enhanced collision risk assessment capabilities, with
tangible benefits for road safety. This research lays the
groundwork for further advancements in automotive safety
technologies.
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