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ABSTRACT. Road accidents cause fatalities and economic losses. Studies aim to reduce
them using ADAS, including ACC, which ensures a safe distance. This research aims
to contribute to ADAS development by addressing the optimization challenges of control
algorithms for ACC parameters on curved roads with various curvatures of the roads. The
road environment consists of a one-lane road with curvature radii 380 and 760 meters.
Some algorithms are developed in this research for ACC with steering control on different
road curvature, utilizing Crow Search Algorithm (CSA) and Genetic Algorithm (GA) with
Integral Absolute Error (IAE) as the objective function to minimize errors for both control
systems. The optimized parameters are Gy, Gx, and Gyx for ACC and Gy, k, and k;
for steering control. This research develops the advancement of the two algorithms in the
form of Archived CSA (ACSA) and GA (AGA), which have faster computational time.
The archived methods demonstrate significant improvement by reducing computational
time by 77-83% while maintaining competitive performance against original. Although
OCSA produces the lowest average TAE values, namely 2.1851 for wide curve and 5.2330
for sharp curve, the archived methods stand out for their faster convergence. These results
confirm that improved vehicle control in various road curvature enhances driver safety.
Keywords: Adaptive cruise control, Road curvature radius, Crow search algorithm,
Genetic algorithm

1. Introduction. The volume of road traffic has been steadily increasing, which has con-
sequently heightened the risk of crashes and traffic oscillations. Traffic accidents represent
a major global concern, causing millions of fatalities and severe injuries each year. These
incidents have far-reaching consequences, impacting not only the direct victims but also
society at large, both economically and socially. Beyond safety considerations, previous
research has emphasized the importance of understanding transportation system dynam-
ics to improve stability and passenger comfort [1]. Building upon this understanding, it
becomes essential to develop more reliable vehicle control systems that can minimize hu-
man error and improve overall driving safety. To reduce the likelihood of such accidents,
the development of Automated Vehicle (AV) offers a promising solution. AV offers various
features designed to enhance driver safety and comfort [2]. Advancements in AV technol-
ogy have the potential to alleviate the burden on drivers, thereby minimizing the risk of
driver negligence [3]. One example of this technology is Adaptive Cruise Control (ACC),
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which automatically regulates vehicle velocity to maintain a safe distance from the pre-
ceding vehicle. However, while ACC performs effectively on straight road, its adaptability
and control precision on curved road condition remain an ongoing research challenge that
calls for further optimization.

Recent research on AV equipped with ACC has increasingly focused on their dynamic
performance on curved roads. These studies address several aspects, including modeling
AV speed profiles on curved roads [4,5] and optimizing fuel efficiency [6,7]. In addition to
such studies, stability and control analyses of car-following models in connected and au-
tonomous environments have provided valuable insights into cooperative vehicle behavior
and adaptive speed regulation under varying traffic conditions [8]. However, most of them
still focus on specific control goals rather than the overall adaptability of ACC to diverse
road geometries. Given the critical importance of maintaining safety while AV navigate
corners, recent work has shifted toward the advancement of control methods within ACC
systems [9]. Nevertheless, existing approaches often remain limited by analytically derived
parameters that may not effectively adapt to dynamic road conditions.

The introduction of a curvature gain in analytically regulated ACC control has been
shown to enable AVs to traverse curved road smoothly, preventing sudden speed increases
that could lead to accident [10]. Similarly, Model Predictive Control (MPC) has demon-
strated superior vehicle performance on curved roads compared to Proportional-Integral-
Derivative (PID) control [11]. The implementation of MPC in other studies also yielded
favorable results under curved road conditions [10-13]. A different approach employed a
linear quadratic controller to ensure safe vehicle [16]. However, the control parameters in
these studies [8-14] were still determined analytically, which limits the controller’s adapt-
ability and accuracy under rapidly changing curvature and dynamic vehicle interactions.

The use of Al to determine control parameters has been explored by comparing fuzzy
logic with PID controllers, where fuzzy logic generally demonstrated better performance
[17]. Similarly, fuzzy-based decision-making frameworks have been effectively employed
to handle uncertainty and optimize complex multi-criteria problems, demonstrating the
potential of fuzzy logic in control system optimization [18]. However, its fuzzy variables
still required manual calibration [19], indicating that further improvement is possible.
This supports the notion that Al utilization in ACC can yield positive impacts. Neural
Networks (NNs) have also been employed to enhance the performance of MPC and PID
controllers for ACC on curved roads [10]. Nevertheless, the accuracy of NN-based con-
trollers depends heavily on the training duration, which can be challenging to execute over
a wide range of processes due to the substantial computational resources required [20].
Other studies have utilized metaheuristic algorithms such as Genetic Algorithms (GA)
and Particle Swarm Optimization (PSO), respectively [18-20]. Unfortunately, these stud-
ies focused solely on straight-road scenarios, which neglect the complex lateral dynamics
and varying centrifugal forces that characterize real-world curved roads. As a result, their
optimized controllers may perform well on straight segments but degrade in stability and
responsiveness on curves.

To better understand this issue, it is essential to consider the influence of road geom-
etry. Road geometry is a critical component of the driving environment, as it directly
influences vehicle performance and the complexity of driving tasks [24]. On curves with
smaller radius, the required speed reduction and steering precision impose significant con-
trol challenges, while larger radius allows smoother maneuvering and higher speeds. This
difference in curvature directly affects the control effort and stability margin of ACC sys-
tems, creating varying optimization requirements. These factors collectively restrict the
overall performance of ACC systems. However, none of the existing studies have examined
the application of metaheuristic optimization methods under varying road-curvature radii
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[5,6,10-14]. Therefore, this study introduces an optimization framework for ACC systems
that explicitly considers different road curvature radii, a factor that has been overlooked
in previous optimization studies. Unlike prior studies limited to single-radius or straight
road conditions, this work compares four metaheuristic algorithms — Original Crow Search
Algorithm (OCSA), Original Genetic Algorithm (OGA), Archived Crow Search Algorithm
(ACSA), and Archived Genetic Algorithm (AGA) — to systematically evaluate their ef-
fectiveness on two curved-road scenarios. This approach provides a more realistic and
comprehensive evaluation of ACC performance under varying curvature conditions.

The structure of the paper is as follows. Section 1 presents the background, research ob-
jectives, and contributions. Section 2 explains the system model and control optimization
using OCSA, OGA, ACSA, and AGA. Section 3 describes the methodology for imple-
menting and tuning the control system. Section 4 discusses the simulation results and
algorithm performance. Section 5 concludes the study with key findings, limitations, and
future directions.

2. System Model and Environment.

2.1. Vehicle model. To simulate vehicle movement on curved roads, a mathematical
model is developed that incorporates key dynamic properties, including mass, mass dis-
tribution, inertia, suspension, and braking systems. The vehicle’s motion is described by
a set of differential equations that incorporate the main external forces, including gravi-
tational effects, tire-road friction, and aerodynamic resistance. These equations are then
solved numerically. Parameters like the vehicle mass and friction coefficients play a critical
role in shaping the resulting motion. The vehicle dynamics model depicted in Equation
(1) is a mathematical representation of the vehicle’s lateral and longitudinal dynamics.
These equations incorporate various aspects such as lateral velocity (V,), yaw angle (),
yaw angle rate (¢'), longitudinal velocity (V,), and longitudinal acceleration (V). The
first matrix on the left-hand side illustrates the interaction among these parameters, in-
corporating the front tire cornering stiffness coefficient (C), rear tire cornering stiffness
coefficient (C,), vehicle mass (m), and the distances from the center of gravity to the front
(I,) and rear (l,) axles. This matrix reflects how changes in lateral velocity, yaw angle,
and yaw rate influence the vehicle’s dynamics. Furthermore, the steering input vector (J)
indicating the steering angle of the front wheels, and the longitudinal input vector (u)
typically derived from the throttle or brakes, are present, along with matrices depicting
the influence of these inputs on vehicle dynamics. The nonlinearity vector involving the
product of lateral velocity and yaw rate (V,7’) is also included to capture nonlinear effects
in vehicle dynamics.
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Although vehicle dynamics are inherently nonlinear, mainly due to variations in tire
cornering stiffness, lateral load transfer, changes in tire road friction, and aerodynam-
ic coupling. This study employs a simplified linearized model around small slip angles
and moderate speeds. These nonlinearities become significant during sharp turns or high
lateral acceleration, where tire forces saturate and effective cornering stiffness decreases,
potentially causing understeer or oversteer. However, incorporating such nonlinear effects
would lead to high model complexity and computational cost, which can hinder the con-
vergence of metaheuristic-based optimization processes such as GA and CSA. The selected
curvature radii of 760 m and 380 m represent both wide and sharp turns, respectively,
allowing the evaluation of the controller adaptability and robustness under different levels
of curvature.

2.2. Adaptive cruise control. Based on Figure 1, ACC system tries to maintain vehicle
speed based on information (speed and position) from the vehicle in front by emitting
a signal to detect the position of the vehicle in front of it. Once detected, ACC then
controls the actuators (gas and brake pedals) to reach a safe distance from the vehicle
in front [22]. ACC uses an optimization method to increase vehicle control efficiency in
order to make this happen. The equation used to find safe distance between the cars can
be seen in Equation (2), in which the variables are (a) Default spacing (D) is minimum
distance in meters between ego and lead cars when ego car is stationary; (b) Time gap
(Tyap) represents the time interval between ego car and lead car, expressed in seconds; (c)
Relative distance (D.g,) is a different distance between ego and lead cars in meters.

Dsafe = Dd + TgapDego (2)

FicurkE 1. Illustration of ACC

In Figure 1, the vehicle equipped with ACC and steering control is designated as the
ego car, while the vehicle ahead is referred to as the lead car. The ego car utilizes steering
control to maintain its position along the centerline of the road. Conversely, the lead car,
which does not have steering capabilities, remains within the confines of the curved lane.
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This distinction highlights the enhanced maneuverability of the ego car compared to the
lead car, emphasizing the role of steering control in navigating complex road conditions.

In traditional ACC systems, three key parameters significantly impact the performance
of the system. These parameters play a crucial role in influencing two specific conditions
related to acceleration. By adjusting these parameters, the system can effectively manage
the acceleration behaviors of the ego car, ensuring it responds appropriately to changes in
speed and distance from the lead car. This adaptability is essential for maintaining safe
and efficient driving in various traffic situations.

Equation (3) uses the gain parameter Gy, which serves to adjust the vehicle’s response
to the difference between the specified maximum speed (V) and the longitudinal velocity

(Va).
uy = (Vier = V2)Gy (3)

Simultaneously, Equation (4) uses two gain parameters, namely G yx and Gx. The gain
G yx functions to regulate how quickly the vehicle responds to the difference in relative
speed between the ego car and the lead car (Vg). While Gx regulates the response to the
difference between the desired safe distance (Ds,p) and the actual distance (Dg). The
formula is

uy = VeGyx — (Dsoe — Dr)Gx (4)
€d = Dsafe - DR (5>

When the system is in speed control mode (when Dp greater than Dy,y), the control
signal applied to the ego vehicle acceleration (ag), is determined by selecting the mini-
mum value between two control inputs, u; and us, as represented in Equation (6). This
ensures that ego car adjusts its speed appropriately based on both velocity and distance
considerations, selecting the safer of the two options.

ap = min(u, ug) (6)

On the other hand, in distance control mode (when Dp is less than D), the control
strategy only relies on the second input us, which is primarily focused on maintaining a
safe following distance as shown in Equation (7):

aE = U9 (7>

In the ACC testing, sharp and wide curves present different challenges for vehicle
control systems. As seen in Figure 2, a sharp curve with a radius of curvature 380 meters
requires the ACC system to adjust speed more aggressively to navigate the tight bend
safely, while a wide curve with a radius of curvature 760 meters allows for smoother, less
sudden adjustments. On smaller radius of curvature, ACC must reduce speed to avoid
accidents or equalize speed with vehicles ahead, whereas in larger radius of curvature,

7)

FIGURE 2. Curved road with different curvature
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the system can maintain higher speeds without compromising safety [25]. Changes in the
radius also impact vehicle stability and driving comfort; sharper curves demand a quick
and accurate response to prevent slippage or loss of control, while wider curves allow
for a more stable and comfortable driving experience. Testing ACC on both curve types
provides essential insights into its ability to adapt to diverse road geometries, ensuring
safety and efficiency in varying conditions.

2.3. Steering control. Steering is a system in a vehicle that allows the driver to control
the direction of movement of the vehicle. In AV, especially in the steering control system
when a vehicle drives a curved road, the role of steering control becomes very significant
to ensure that the vehicle can navigate the curve safely and in accordance with applicable
traffic rules. This system ensures the vehicle stays on the right track, increasing passenger
safety and comfort. To achieve this goal, the system regulates the front-wheel steering
angle. The control action is directed to drive the lateral position deviation (e;) towards
zero as indicated in Equation (8) and depicted in Figure 3. At the same time, the con-
troller seeks to reduce the yaw-angle deviation (ez), as shown in Equation (9). In essence,
the steering command is continuously modified so the vehicle remains aligned with the
intended trajectory and stays within its lane.

P

" Wes

Centerline

.1
-  hes

- _ >

F1GURE 3. Vehicle dynamic model for steering control

First, ey is defined as the difference between the current vehicle orientation angle (v)
and the desired orientation angle (¢4s), as described in Equation (8):

€y = w - wdes (8)

This error occurs when the vehicle direction is not in accordance with the desired

trajectory direction. To correct this error, the steering control will adjust the steering

angle. The vehicle orientation can be aligned again with the path it should be. Second,

e1 describes how far the lateral position of the vehicle deviates from the centerline on the

lateral axis. Equation (9) shows that this lateral displacement error is influenced by V.,
yaw error (e2), and lateral velocity (V).

6/1:Vx><€2+‘/y (9)

Therefore, given the importance of minimizing errors, a PI (Proportional-Integral) con-
troller is applied to overcome possible steady-state errors. The PI controller is able to
eliminate residual errors by taking account of the accumulation of errors over time. In
situations that show constant errors, PI control will help adjust the system response to
ensure that the vehicle remains on the desired path. Thus, more accurate and responsive
control can be achieved, improving driving safety and comfort. The PI controller has a
general equation as written in (10).
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u(t) = kye(t) + ks /0 e(r)dr (10)

The controller is responsible for correcting the deviation of the vehicle’s lateral position
from the desired path. When an error is detected, the controller computes the control
signal u(t) based on a proportional combination k, of the current error (e(t)) and the
integral k; of the integral from 0 to t. This control mechanism enables timely adjustments
to the vehicle’s steering and speed, allowing the system to maintain the desired trajectory
with improved lateral stability. The algorithm can be employed to fine-tune k, and k; for
optimal performance, ensuring the minimization of yaw angle and lateral displacement
erTors.

ACC technology has effectively incorporated automation functions that assist vehicles
in maintaining a safe following distance from the vehicles ahead. However, ACC primarily
emphasizes speed and distance management relative to the lead vehicle, often overlooking
steering control, especially when navigating curves. This creates challenges in achieving
stable control between the ACC system and steering, as both involve numerous interre-
lated parameters. As seen in Figure 4, metaheuristic algorithms, such as GA and CSA,
efficiently explore large and complex solution spaces to find optimal or near-optimal solu-
tions. In control systems, metaheuristics can be used to set complex control parameters
like PID controller gains, optimize navigation paths, or coordinate multi-agent control
in autonomous vehicle systems. By employing metaheuristic methods, control systems
can more effectively adapt to changing environments and dynamic operating conditions,
thereby enhancing performance, reliability, and efficiency. These methods also address key
limitations of conventional optimization techniques, which may become trapped in local
optima or require gradient information that is difficult or impractical to obtain.

Position
- > Vx ~ . -
3 Steering Control
Vehicle Dynamic Vv o
Steering J |
f \l, PI Controller

Steering —‘

In this paper, the overall objective function was defined as the sum of IAE ACC and
steering control, which includes distance error, lateral displacement error and yaw angle
error. These terms were directly summed without weighting, as each error was expressed
in comparable scales and holds equal significance in maintaining both distance and speed
stability. The unweighted formulation also avoids introducing bias toward any specific con-
trol objective, allowing the optimization process to fairly evaluate the global performance
of the controller.

F1GURE 4. Block diagram of steering control

3. Methods.

3.1. Crow search algorithm. CSA is simulating the behavior of crows in putting and
taking food. CSA mimics the behavior of a flock of crows to explore the search space,
enabling it to discover optimal solutions and escape local optima [26]. This means that
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search optimization results will focus more on local improvements by searching in promis-
ing locations. The best position is obtained if the parameter f; (Figure 5 shows how the
parameter f; works) and awareness probability (AP) are appropriate so that the crow can
move far and can calculate the probability of moving to a new position. With just two
parameters, CSA gives users more control over the search process.

The CSA begins by initializing the position of n crows in the search space. Fach crow
represents a solution, and their position corresponds to a specific point in the search
space. This initialization step involves assigning random positions to the crows. After
this, the fitness of each crow’s position is evaluated using IAE, where the fitness function
determines how well each position solves the optimization problem.

The memory (mem) stores each crow’s previous best position, and the corresponding
fitness memory (fituem) stores the fitness values of those positions. The algorithm then
enters an iterative loop, running until the maximum number of iterations until iter ., is
reached.

Within each iteration, for each crow (i), a random crow (j) is chosen for i to follow.
AP is defined which determines whether crow ¢ will follow crow j or move to a random
location. If a random number (r;) is greater than or equal to the AP, crow ¢ updates its
position based on crow j memory using

. . it . .
mzzter—&—l — xz,zter+ r X lz iter % (m],zter + xz,zter) (11)

where 7; is a random factor, and f""*" is the flight length of the crow at iteration (iter).
If 7; is less than AP, crow ¢ moves to a random position within the search space.

After updating all crows’ positions, the feasibility of the new positions is checked to
ensure they are valid. Then, the fitness of the new positions is calculated, and memory
updates are performed, where each crow’s memory is updated if the new position offers a
better solution than the previous one. Finally, mem and fit,,.,, are updated for the next
iteration. The process continues until the maximum number of iterations is reached.

3.2. Genetic algorithm. After GA begins by initializing a population of size n, where
each individual represents a potential solution to the problem. These individuals consist
of chromosomes that contain parameters for the ACC and steering control. Next, the
fitness of each individual is evaluated using an IAE, to measure the value of the solution.
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Algorithm 1: Original crow search algorithm
Input: flock size, f;, AP, maximum iteration
Ouput: Best position (solution) found

1 Initialize the position of n crows in the search space
2 Evaluate the position of the crows

3 mem = r — memory initialization

4 fit,em, = ft — fitness memory

5 for iter < iterya. do
6

7

8

9

fori=1:n
Choose a random crow to follow
Define value of awareness probability
if r; > A priiter

10 L,L,:"Zitewkl — piviter + 7y X li,iter % (mj,iter + mi,iter)
11 else

12 xhitertl = a random position of search space
13 end if

14 end for

15 Check the feasibility of new positions

16 Determine the fitness of crows

17 Memory updates for each crows

18 mem = x,, — memory initialization

19 fityem = Jt — fitness memory

20 end for

The population memory is stored as mem, while the corresponding fitness values are saved
in ﬁtmem'

For each iteration, the algorithm selects two individuals from mem to serve as parent,
and parent,. These parents are chosen based on their fitness values. If a random number
is less than a specified crossover coefficient (c), crossover is performed by generating two
children (¢; and ¢3) using a combination of the parent’s chromosomes. The combination is
determined by random number («). If crossover does not occur, ¢; and ¢ are simply copies
of parent, and parent,. Mutation is then applied, with a random number determining
whether ¢; and ¢, will be altered by introducing random values m; and ms. If no mutation
occurs, the children remain unchanged.

The fitness of the new solutions is evaluated, and the population memory mem is
updated by replacing the least fit individuals with the newly generated offspring. This
process ensures that the population evolves over time, gradually moving towards an op-
timal solution. The iteration continues until a maximum number of iterations #teryay 1S
reached.

3.3. Archived-based algorithm. Archived-based metaheuristic optimization is an ap-
proach to optimization that uses archives to store and manage solutions found during the
search process. This archive serves to maintain the diversity of solutions and avoid pre-
mature convergence, which is often a problem in traditional optimization methods [27].
In the process, potential solutions are generated and evaluated based on certain criteria,
and then compared with existing solutions in the archive. Better solutions or those that
increase the diversity of solutions in the archive will be added, while less effective or
redundant solutions will be removed to maintain the size and quality of the archive. In
contrast to original metaheuristics that may only focus on one current best solution,
archive-based methods maintain a variety of good solutions, which allows exploration of
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Algorithm 2: Original genetic algorithm

Input: Population size, probability of mutation, probability of crossover, maximum
iteration

Ouput: Best individual (solution) found

1 Initialize the n population

2 Evaluate fitness of population

3 mem = xr — population memory

4 fitrem = ft — fitness memory

5 for iter < itery.x do

6 Select from mem to be parent; and parents
7 if random number < ¢, @ = random number
8 g =a*xp+ (1 —a)xpy

9 co=axpy+ (1 —a)xpy

10 else

11 1 =D

12 Co = D2

13 if random number < m

14 my = rand;

15 ms = rand;

16 else

17 my = Cq;

18 Mo = C9;

19 Check fitness of new solution

20 Update mem the population memory
21 Delete the worst in a based on fitness
22 end if

23 end for

a broader and more robust solution space. This approach is particularly useful in Multi
objective optimization, where Pareto optimal solutions can be distributed and managed
more effectively, ensuring that the final solution is not only optimal in one aspect but also
takes account of multiple different objectives.

In this research, the archive size was set to four, as smaller populations failed to main-
tain sufficient diversity, while larger ones increased computation time without notable
performance gains. Thus, four represents the minimal stable population ensuring conver-
gence and efficiency. This design choice aligns with [28], demonstrating that maintaining a
compact and properly updated archived enhances convergence speed, as underlined in Al-
gorithm 3. This can minimize computation so that it is expected to be faster in obtaining
optimal individuals. Similarly, in the Archived Genetic Algorithm (AGA), optimization
is carried out using only the four best individuals in each iteration, as underlined in Algo-
rithm 4. If no archived selection is applied both algorithm operate in their original forms,
namely OCSA and OGA.

4. Experiment Result.

4.1. Performance evaluation of the algorithm. In optimization using metaheuristic
algorithm, one indication that algorithm is performing well is if the objective function
(IAE) value decreases periodically until it reaches its lowest point. To evaluate the al-
gorithm, testing was carried out 20 times. The change in TAE values for each repetition
in each category can be seen in Figure 6. The ACSA shows an outstanding reduction in
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Algorithm 3: Archived genetic algorithm

Input: Population size, probability of mutation, probability of crossover, maximum
iteration

Ouput: Best individual (solution) found

1 Initialize the n population

2 Evaluate fitness of population

3 Choose four best fitness

4 Gmem = * — archived memory

5 fit,em = [t — fitness memory

6 while iter < iter,.« do

7 for iter < itery.x do

8 Select from mem to be parent; and parentsy
9 if random number < ¢, @ = random number
10 g =ax*xp+ (1 —a)xpy

11 co=axpy+ (1 —a)*p

12 else

13 1 =D

14 Co = P2

15 if random number < m

16 my = rand;

17 ms = rand;

18 else

19 myp = C1;

20 Mo = Ca;

21 Check finess of new solution

22 Update a e, the archived memory
23 Delete the worst in a based on fitness
24 end if

25 end for

26 end while

[AE values, coming to its lowest point within the 40th iteration. This accomplishment
is underscored by two notable changes in TAE during the 6th and 40th iterations. In
contrast, OCSA exhibits more fluctuations in TAE values and requires a longer time to
achieve its optimal TAE. It needed a longer iteration to accomplish its ideal IAE, which
happens within the 48th iteration. Third is OGA, and this method has better start than
others. The value of IAE reduces in the 17th, 37th, 45th and make significant drop in the
73rd iteration.

In terms of iteration needed to get the lowest IAE value, AGA is the worst with 96th
iteration. However, in terms of decreased value, each iteration AGA is the best. This sug-
gests that AGA gradual and steady adjustments allow for a more balanced exploration of
the search space, which is advantageous for finding the global optimum, despite requiring
more iterations. In contrast, OCSA’s more fluctuating behavior enables faster conver-
gence but with a higher risk of getting trapped in local optima, making it more suitable
for scenarios where quicker results are prioritized over global optimality.

As illustrated in Table 1, repetition test that is carried out indicates that ACSA and
AGA are successfully reducing computational time. The archived algorithms significantly
increase computational speed in reaching the 100th iteration. For wide curves, the speed

improvement is 83.6% from OCSA to ACSA and 74.79% from OGA to AGA, while for
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Algorithm 4: Archived crow search algorithm
Input: flock size, f;, AP, maximum iteration
Ouput: Best position (solution) found

1 Initialize the position of n crows in the search space

2 Evaluate the position of the crows

3 mem = r — memory initialization

4 fit,em = ft — fitness memory

5 while iter < iterp.x do

6 fori=1:n

7 Choose a random crow to follow

8 Define value of awareness probability

9 if T Z APj,iter

10 xiziter-i-l = ghiter 4 p % li,iter % (mj,iter + xi,ite'r)
11 else

12 xh#ertl = 3 random position of search space
13 end if

14 end for

15 Check the feasibility of new positions

16 Determine the fitness of crows

17 Memory updates for each crow

18 Memory update for archived flock

19 mem = X, — IMemory nNew Crow

20 fit,em = [t — fitness memory

21 Sort fit,..,.., mem, x, and f; from best to worst

22 T, T, ft, mem, and fit, ., take only the first 4 rows.

23 end while

——0CsA
2.8 F —— ACSA
OGA

— AGA
24k N
-\

0 20 40 60 80 100
[teration

IAE

FiGURE 6. [AE changes after tuning

sharp curves, the improvements are 81.8% and 77.09%, respectively. Computational time
is one of the indicators to evaluate the performance of algorithm. Besides the computa-
tional times, the parameters k,, k;, Gy, Gx and Gyx are also important as they directly
affect the accuracy and stability of both systems.

Analyzing the results in Table 2, the Baseline values represent the system’s performance
using unoptimized parameters, where the controller configuration was set with k, = 0.2,
ki =01, Gy =02, Gy = 0.5, Gx = 0.2, and Gyx = 0.4. These initial parameters had
not yet undergone any optimization using the algorithm. The results are divided into two
categories: wide curves and sharp curves, representing different driving scenarios.

For both types of curves, it becomes evident that after optimization, the IAE values im-
prove significantly. Specifically, the best generation for the OCSA achieves slightly better
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TABLE 1. Computational time in minutes

Road Category ACSA OCSA OGA AGA
Fastest 14 79 68 17

Wide curve  Slowest 20 81 70 20
Average 17.5 80.5 69.2 18.7

Fastest 14 78 67 17

Sharp curve Slowest 15 80 68 18
Average 144 79.1  67.2 175

TABLE 2. IAE change after optimization

Wide curve
Steering ACC  Addition Mean
Baseline  0.3591 18.5967 18.9558
OCSA  0.0483 1.9674 2.0806 2.1851
ACSA  0.0737 1.9952  2.1375  2.2788
OGA 0.0539  1.9823 2.1021  2.2128
AGA 0.0882  2.0044  2.1278 2.2311
Sharp curve
Steering  ACC  Addition Mean
Baseline  0.3591 18.5967 18.9558
OCSA  0.0802 5.0250  5.1271  5.2330
ACSA  0.0759 5.0212  5.1536  5.2394
OGA 0.0668  5.0244  5.1422  5.2102
AGA 0.0694 5.0198  5.1388  5.2126

Category

Category

IAE values than the OGA in both wide and sharp curves. In wide curves, OCSA shows
superior performance compared to the other methods, though it also has the longest com-
putational time. A similar trend is observed for sharp curves, where OCSA still performs
the best.

When comparing the coincidence level between the original and archived algorithms,
OCSA and ACSA on the wide curve yielded mean TAE values of 2.1851 and 2.2788,
with 95% confidence intervals of (2.10-2.27) and (2.19-2.37), respectively. On the sharp
curve, the mean TAE values were 5.2330 for OCSA and 5.2394 for ACSA, with confidence
intervals of (5.15-5.32) and (5.15-5.33). The close proximity of these intervals indicates
a high coincidence level, confirming that the archived algorithm maintains equivalent
control accuracy while improving computational efficiency. Similarly, OGA and AGA on
the wide curve produced mean IAE values of 2.2128 and 2.2311, with confidence intervals
of (2.13-2.30) and (2.14-2.32), and on the sharp curve 5.2102 and 5.2126, with confidence
intervals of (5.12-5.30) and (5.12-5.31).

When comparing the two archived algorithms, GA performs slightly better than CSA,
especially in terms of computational efficiency. The archived method in GA allows the
algorithm to run more effectively and faster than when using CSA. Nevertheless, the
consistency across the four methods in both ACC and steering control, for both sharp
and wide curves, strongly suggests that the optimization process is robust and effective
across different driving conditions.

The standard deviation of the optimized parameters for both the ACC and steering
control systems remains consistently low, often approaching zero, as illustrated in Table 3.
This demonstrates that the optimized parameters converge towards a stable and optimal
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TABLE 3. Standard deviation of optimized parameter

Sharp curve
Gx Gvyx k ki Gy
OCSA 0.136 0.014 0.013 0.224 0.210 0.025
ACSA  0.269 0.290 0.057 0.238 0.278 0.211
OGA  0.265 0.067 0.014 0.145 0.122 0.198
AGA  0.202 0.029 0.010 0.069 0.152 0.234
Wide curve
Gy Gx Gyx k ki Gy
OCSA 0.18 0.172 0.157 0.216 0.201 0.155
ACSA  0.260 0.245 0.231 0.290 0.275 0.276
OGA  0.113 0.098 0.083 0.142 0.127 0.121
AGA  0.039 0.024 0.010 0.068 0.054 0.225

Category a
v

Category
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F1GURE 7. Compared distance error in (a) wide curve and (b) sharp curve

solution. The lower standard deviation values reflect reduced variability, leading to a
more robust optimization process, and increasing precision and confidence in the model’s
overall performance. The stability of these parameters is key to ensuring the reliability
and effectiveness of the control mechanisms, resulting in a more robust and dependable
System.

Performance Evaluation of ACC. Figure 7 illustrates the distance error, defined as
the difference between Dy and D, in the ACC system over time. The Baseline model
(black line) shows the highest overshoot and the longest stabilization time, indicating
less optimal control performance. In contrast, the optimized algorithms (OCSA, ACSA,
OGA, and AGA) show smaller overshoots and faster convergence toward zero error, indi-
cating improved control stability and tracking accuracy. A magnified view of the first five
seconds in Figure 7(a) highlights more pronounced oscillations in the Baseline and AGA
responses, reaching up to 0.18 m, while OCSA and ACSA achieve quicker error correc-
tion of approximately 0.04 m and exhibit smoother responses. Within the same interval,
the Baseline reaches its maximum error of 0.15 m. In Figure 7(b), during the first 5 sec-
onds, particularly around 1.7 s, OGA records the highest error of 0.32 m, whereas ACSA
achieves the lowest error of 0.29 m. All algorithms show a transient peak before stabilizing,
indicating that the control systems effectively compensate for the initial deviation.
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TABLE 4. Settling time and steady-state error of the distance error

Road Category ACSA OCSA OGA AGA Baseline

Wide curve St 3.77 3.75 3.45 3.63 29.98
B 0.01  0.006 0.19 0.01 0.39
Sy 3.99 3.99 4.04 4.03 29.98

Sharp curve E.. 0.180 0.180 0.1783 0.1788  0.39

i 0.004 ——ocsA
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FIGURE 8. Compared lateral displacement error in (a) wide curve and (b)
sharp curve

TABLE 5. Settling time and steady-state error of the displacement error

Road Category ACSA OCSA OGA AGA  Baseline

Wide eur S, 17 21 1.19 15 32.38
CCmVe @ 0.00028 0.00027 0.00032 0.00018 0.00272
S, 1.29 1.09 1.19 1.09  33.67

Sharp curve — p " 0.00040 0.00033 0.00035 0.00028 0.00636

As summarized in Table 4, both the steady-state error (Fy;) and settling time (S;)
analyses show that the adaptive algorithms substantially outperform the Baseline model
under both curve conditions. In the wide curve scenario, OCSA reduces S; by approxi-
mately 87.5% (from 29.98 s to 3.75 s) and E,s by more than 98%, confirming its superior
stability and fast dynamic response. Under the sharp curve condition, OGA achieves an
86.5% reduction in S; and a 54% decrease in E,, reaching F,, = 0.1783 m and S; = 4.04 s
compared to the Baseline (Fs = 0.39 m, S; = 29.98 s). Overall, OCSA demonstrates the
most effective control performance in wide curve conditions, while OGA offers higher
stability and tracking precision in sharp curve conditions, both providing significantly
improved steady-state accuracy and convergence speed relative to the baseline.

Figure 8 demonstrates the significant superiority of all adaptive control algorithms
over the Baseline algorithm in reducing the lateral displacement error and enhancing the
transient response performance. As shown in Table 5, the AGA achieves the lowest steady-
state error (Ess) values in both scenarios, 0.00018 m for the wide curve and 0.00028 m
for the sharp curve. Quantitatively, AGA achieves up to 93.4% and 95.6% improvements
in steady-state accuracy for wide and sharp curve conditions, respectively. Moreover, the
proposed algorithms exhibit considerably shorter S; than the Baseline, which requires
32.38 s in the wide curve and 33.67 s in the sharp curve. In contrast, AGA reaches steady
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state within 1.5 s and 1.09 s, respectively, confirming the robustness and efficiency of the
adaptive control strategies in enhancing both stability and responsiveness.

5. Conclusion. This article presents encouraging outcomes from archived optimization
algorithms in enhancing ACC with steering control on curved roads. While the original
algorithms (OCSA and OGA) deliver slightly lower TAE values, only about 4% and 1%,
respectively. The archived versions (ACSA and AGA) achieve a substantial improvement
in computational efficiency, reducing processing time by 77-83% without notable perfor-
mance degradation.

Although these advancements, there are still considerable challenges in transitioning
from simulations to real-world hardware. The implementation requires special attention
to vehicle hardware and driver safety to guarantee optimal performance and safety in
different driving environments. Future work will focus on implementing the archived al-
gorithms in embedded automotive controllers, validating their performance under sensor
noise and communication delays, and expanding to multi-vehicle cooperative ACC with
real-time safety constraints.
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