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Abstract—In this study we propose a model-based dynamic
path planning algorithm that is designed to navigate Au-
tonomous Vehicles through complex and dynamic environments.
To achieve that, a novel spline-based approach is utilized for
the production of several candidate paths along a predetermined
route and a Gaussian-based function is utilized for their evalu-
ation. Our algorithm takes into account various factors, such as
static and dynamic objects, to make the appropriate decisions
for the vehicle’s path, making it a promising solution for such
objects during an autonomous vehicle navigation. The algorithm
was tested in high-fidelity scenarios using CARLA Simulator,
which is a powerful tool for simulating autonomous vehicle
scenarios. The results indicate that the proposed algorithm is
capable of generating efficient and safe paths for the vehicle to
follow.

I. INTRODUCTION

In recent years, Autonomous Vehicles have been drawing a

considerable amount of attention both from the academia and

the industry. They are expected to have a significant impact

in many different fields, such as transportation, industrial

production and military, and are anticipated to minimize

the contribution of humans in many daily activities. An

Autonomous Vehicle is required to be able to navigate

to a destination following an optimal global route, while

planning reasonable local trajectories based on its real-time

environment, that ensures the safety and the comfort of

its passengers. This involves taking into account various

factors such as the vehicle’s current position and velocity, the

layout of the surrounding environment, and any obstacles or

constraints that may be present. The goal of path planning is

to ensure that the vehicle arrives at its destination safely and

in a timely manner, while also minimizing fuel consumption

and maximizing overall efficiency.
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A commonly adopted approach for Autonomous Vehicles’

architectures is to organize perception and decision-making

tasks into a hierarchical structure. The perception system uses

prior information and collected observation data to estimate

the state of the vehicle and its environment, which is then

used by the decision making system to control the vehicle and

accomplish driving objectives. The decision making system

is typically hierarchically decomposed into four components:

route planning, behavioral layer, motion planning, and control

system [1].

This study focuses on the decision making module of

the autonomous vehicle, specifically the motion planning

module that guides the vehicle to a destination point while

considering static and dynamic objects in the environment.

One of the major challenges in path planning is dealing

with uncertainty and dynamic objects, such as other vehicles,

pedestrians, and obstacles that may move or change over

time.

To address these challenges, the implemented algorithm

focuses on three main parts: Given a predetermined global

path that the autonomous vehicle needs to navigate in order

to reach a destination point:

1) Generate a set of candidate paths based on the current

location and environment of the autonomous vehicle,

2) evaluate the candidate paths based on static and dy-

namic safety and

3) select an optimal collision-free path to be followed.

Our algorithm makes use of a novel interpolation method-

ology that ensures driving safety and efficient handling of

both static and dynamic obstacles.

Despite the presence of numerous interpolation-centric

methodologies, the majority of these algorithms derive their

feasibility from general assumptions that are based on limited

empirical examination. As a result, the inferences drawn

from such algorithms may not accurately reflect the com-

plexities and difficulties inherent in real-world scenarios.

This is particularly pertinent when it comes to handling

dynamic obstacles, where it becomes challenging to simulate

the intricate and unpredictable real-world setting from a

”sterilized” environment that uses pre-determined cases that

can be tackled with meticulous adjustments. In this context,
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our contributions aim to address the aforementioned issues:

• We propose a novel dynamic object handling method

by projecting the vehicle’s dimensions through space

considering their speed.

• We perform extensive simulations in realistic scenarios

generated from CARLA Simulator that demonstrate the

efficacy of our system.

II. LITERATURE REVIEW

Many techniques used in navigation for AV’s have been

adapted from mobile robotics to address the complexities

of road networks and driving regulations. These techniques

can be divided into four main categories: graph search,

sampling, interpolating, and numerical optimization. The

most important algorithms used in motion planning for self-

driving cars are described below.

A. Graph search based planners

Automated driving involves finding a path from a starting

point to a destination by traversing a state space, which is

often represented as an occupancy grid or lattice that shows

the positions of objects in the environment. Paths can be

planned using graph searching algorithms, like Dijkstra’s

algorithm [2], and A-Star algorithm [3] and its variants,

D∗ [4], the any-time dynamic A∗ (AD∗) [5], Field D∗ [6],

Theta∗ [7], Anytime repairing A∗ (ARA∗) [7] and Anytime

D∗ [8], among others.

These algorithms divide the configuration space into dis-

crete cells and use a cost function to determine the best path.

State lattice algorithm, which also used in automated driving,

uses a discrete representation of the planning area with a grid

of states. The path search in this algorithm is based on local

queries and a cost function, and it can be implemented with

different node search algorithms. The cost function decides

the best path between the pre-computed lattices. A node

search algorithm is applied in different implementations (e.g.,

(A∗) in [9] or (A∗) in [10]).

B. Sampling Based Planners

These planners try to solve timing constrains, for exam-

ple, planning in high dimensional spaces—that deterministic

methods cannot meet. Probabilistic Roadmap Method (PRM)

[11] and Rapidly-exploring Random Tree (RRT) [12] are

sampling-based planners that solve timing constraints and can

plan in high-dimensional spaces. They randomly sample the

configuration space or state space to look for connectivity.

The solutions are sub-optimal but fast and can handle non-

holonomic constraints. RRT has been extensively tested for

automated vehicles and is commonly used in on-line path

planning. In [13] and [12] descriptions, applications and

improvements of these algorithms are reviewed.

C. Interpolating Curve Planners

Computer Aided Geometric Design (CAGD) is a technique

often used to create smooth and efficient paths for a set

of waypoints [14]. This method allows motion planners

to generate a trajectory that is not only feasible but also

comfortable and dynamic by taking into account various

parameters. The process of creating new points within the

range of existing reference points is known as interpolation.

To generate a smoother path, these algorithms utilize a set of

knots and consider factors such as continuity, vehicle limita-

tions, and the dynamic environment [15]. In situations where

obstacles are present, a new path can be generated to bypass

them before returning to the original planned path. Various

techniques of path smoothing and curve generation, such

as interpolation, are widely used in the field of automated

driving. In automated driving, different segments of a road

network can be represented by combining known waypoints

with straight and circular shapes. This is a simple method

for creating a path for car-like vehicles [16], [17]. Clothoid

curves are a type of curve that allow for smooth transitions

between straight and curved segments, as their curvature

changes linearly with their arc-length [14]. Polynomial curves

[18], [19], [20], Bézier curves, and splines are all commonly

used in automated driving for their ability to meet specific

constraints and their low computational cost. Polynomial

curves can be tailored to meet constraints at the beginning

and end of a segment and are often used for line change

and overtaking maneuvers. Bézier curves are defined by

control points and are flexible and often used to approximate

clothoid curves in automated vehicles [21], [22]. Splines

are piecewise polynomial parametric curves that can be

defined as polynomial curves [5], [18], b-splines [23], [24], or

clothoid curves [25] and possess a high degree of smoothness

constraint at the joint between the pieces of the spline.

D. Numerical Optimization

Function optimization techniques are used to minimize

or maximize a function while taking into account various

constraints. They are commonly used in path planning to

smooth out previously calculated trajectories [26], as well as

to generate trajectories based on kinematic constraints [27]. It

has been implemented to improve the potential field method

in mobile robotics for obstacles and narrow passages and to

find C2 continuous trajectories by minimizing a function that

considers position, velocity, acceleration and jerk as planning

parameters [27], [28].

These developments indicate that the foundation for au-

tomated driving has been established. Various designs use

motion planners to ensure a safe and smooth path to follow.

The current focus in the field is on addressing and mitigating

potentially dangerous situations such as dynamic obstacle

avoidance, emergency scenarios, negotiating intersections,

and merging with other vehicles.

III. METHODOLOGY

A. Local Path Generation

Center line construction
Given a predetermined global waypoint list, which repre-

sents the High level route for the AV to reach its destination
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point, a central line of the road is constructed, as depicted

in Figure 1, using the method of cubic spline fitting. The

constructed center line is created to ensure continuity and to

calculate crucial information about the road network, such as

the curvature of the road and the appropriate heading of the

vehicle at each waypoint in the global path. By calculating

the first and second derivatives of the curve, we generate

a parametric cubic spline that represents the central line to

be followed by the AV. Using the method of quadrature,

we calculate the arc lengths of all segments in the spline

curve that is constructed by the global waypoint list. More

precisely, the spline curve that describes the central line is

parametrized as the arc length of the curve, as described in

[29]. Thus, the spline can be expressed as in Equation 1.

{
x0(s) = axs

3 + bxs
2 + cxs+ dx

y0(s) = ays
3 + bys

2 + cys+ dy
(1)

Fig. 1: Global waypoints and center line construction

The central line is divided in many segments, by the

global waypoints. Each one of the segments generates a

cubic spline as expressed in Equation 1, where s is the arc
length of the segment, according to its previous waypoint

in the global waypoint list and (x0, y0) are the Cartesian

coordinates of the point on the central line. In Equation 1,

ax, bx, cx, dx, ay, by, cy and dy are the coefficients. Through

Equation 1, a position with (x0, y0) coordinates can be

expressed using the arc length, s. According to [29], a point

p0(s, ρ) is defined away from the road center at a given lateral

offset ρ from the center line. Thus, every point on the road

and path can be transformed from Cartesian coordinates to

s−ρ coordinates. In the s−ρ coordinate system, the heading

θ0 and curvature κ0 of every point on the central line can be

computed using the first and second derivatives of a cubic

spline with variable s, as described in Equations 2 and 3.

θ0 = arctan
dy0
dx0

(2)

κ0 =
x′
0y

′′
0 − x′′

0y
′
0√

(x′
0 + y′0)3

(3)

where x′
0, y′0, x′′

0 , y′′0 are the first and second derivatives of

x0 and y0. Using Equations 1-3, the coordinates, heading and

curvature of any point on the central line can be calculated.

Candidate paths generation
Having defined the central line and translated all pa-

rameters to s − ρ coordinate system, we are now capable

of defining the candidate paths that will be considered at

each time-step. Each set of candidate paths is generated

with respect to the central line curvature. In order for the

collision risk assessment to be as inclusive as possible, we

take advantage of the Field of View and range of the sensors

mounted on the Autonomous Vehicle and set the length of

the generated paths, Δl to the maximum length that the

sensors can provide input of the environment. We take under

consideration the total width of the available lanes to generate

the candidate paths as described in Equation 4. The candidate

paths are distributed evenly in the available width.

TotalWidth = widthright + widthleft + c (4)

where widthright and widthleft are calculated according

to the central line and represent the total available road width

on either sides of the central line and c is a constant.

As depicted in Figure 2(a), Pinit represents the first point

of the center line, Pstart and Pend are the projections of

start and end points on the central line, respectively, for one

step of planning. Pveh is the current position of the vehicle.

P1 to P5 are the end points of five path candidates, that

are indicated by c1 to c5. As described in Equation 6, a

function describing the relationship between the arc length

s and offset ρ is designed to provide a continuous change

in the offset, which is an essential information, providing the

AV’s position according to the central line. In Figure 2(a), the

arc length sstart and offset ρstart at the current position are

given by finding the AV’s position with respect to the central

line. The relative angle Δθstart is defined by the difference

between the vehicle heading angle and tangent angle of the

central line at the current position, as depicted in 2(b). Thus,

the boundary conditions can be described as in Equation 5

[29].

(a) (b)

Fig. 2: (a) Construction of candidate local paths in the (s−
ρ) coordinate system. (b) Boundary condition in the Frenet

(s− ρ) coordinate system.
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ρ(s) =

⎧⎪⎨
⎪⎩
a(s− sstart)

3 + b(s− sstart)
2+

c(s− sstart) + ρstart, if s ∈ [sstart, send]

ρend , otherwise

(5)

ρ(sstart) = ρstart, ρ(send) = ρend
dρ

ds
(sstart) = tanΔθstart,

dρ

ds
(send) = 0

(6)

The calculation of the conditions sstart, ρstart and Δθstart
for the current position is straightforward, using the Equa-

tions 5 and 6. Furthermore, given offset at the end point ρend
in Equation 6, a set of coefficients a, b, c in Equation 5 can

be obtained. Therefore, by just defining different ρend points,

we can derive the exact candidate path segments though the

calculation of a, b and c parameters.

Candidate paths conversion to the Cartesian coordinate
system

The mapping from Cartesian coordinates to Frenet coor-

dinates is often a major computational problem in driving

simulators. The key element in this conversion is to calculate

the point closest to the central axis of the central line and

convert it to a three-dimensional point expressed in Cartesian

coordinates. In order to avoid this unnecessary conversion

of all the objects lying beside the autonomous vehicle, we

convert the candidate paths, that are generated in the s− ρ,

to the Cartesian coordinate system. Path candidate points in

the Cartesian coordinate system can be derived with respect

to the arc length of the central line as in Equation 7 [29].

dx

ds
= Acosθ

dy

ds
= Asinθ

dθ

ds
= Aκ

(7)

where κ is defined as the curvature of the path candidate

points, and can be calculated as in Equation 8:

κ =
B

A

[
κ0 +

(1− ρκ0)(
d2ρ
ds2 ) + κ0(

dρ
ds )

2

A2

]
(8)

In 7, A and B are

A =

√
(
dρ

ds
)2 + (1− ρκ0)2

B = sgn(1− ρκ0)

(9)

The Cartesian coordinates (x, y) and heading angle θ of the

path candidate points can be calculated using the Equations

8 and 9.

B. Cost Function

Having defined the candidate paths we now proceed with

the evaluation and ranking of these candidate paths, consider-

ing their static and dynamic safety. A total cost function that

consists of two separate cost functions that measure static

safety and dynamic safety as described in Equation 10.

Ci = c1Si + c2Di (10)

where S is the Static safety cost function, D is the

Dynamic safety cost function and c1, c2 are weighs that give

more or less priority to one term over the other.

The new selected path is chosen as the one that achieves

the lowest score in the previously defined cost function, as

described in Equation 11.

SP = argmin
i=1,2,...,n

Ci (11)

where SP represents the Selected Path and n is the total

number of the generated candidate paths.

Static safety assessment After converting all candidate

paths into points with x, y coordinates, we use the over-

lapping rectangles method, as described in Equation 12, to

check for potential collisions, by projecting the autonomous

vehicle’s bounding box onto each point.⎧⎪⎪⎪⎨
⎪⎪⎪⎩
R1topright.x < R2bottomleft.x

R1bottomleft.x < R2topright.x

R1topright.y < R2bottomleft.y

R1bottomleft.y < R2topright.y

(12)

If any of the cases in Equation 12 evaluate to true, it is

assumed that following that path will lead to a collision with

a static obstacle. The rectangles for the AV and obstacles are

defined using their bounding boxes, as depicted in Figure 3.

If this condition is met for any point on a candidate path,

the path is flagged as occupied. This process is carried out

using the Cartesian coordinate system to avoid the need for

converting the obstacle’s bounding box location to the Frenet

(s− ρ) coordinate system.

Fig. 3: Conversion from a bounding box to a corresponding

rectangle

Dynamic safety assessment We consider as dynamic all

the objects within a constant radius from the AV that move
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with a speed greater than zero, including both vehicles

and pedestrians. To asses possible collisions with dynamic

objects, we use the same method of overlapping rectangles

as in section Static safety cost function, but the projection of

the AV to the candidate paths is calculated over time. Also,

we follow the same method of projection for each one of

the obstacles that lie within the aforementioned radius. The

first step of this assessment is to calculate the time ti, j that

is takes for the AV to reach each one of the points in the

candidate paths, assuming that it is moving with its current

speed, uav,current, as described in Equation 13.

tpi,j
=

distpi,j

uav,current
(13)

where distpi,j is the distance from the AV to the point pi,j
and j = 1, 3, ...,m is the total number of points generated

for each one of the paths. After calculating the time it takes

for the AV to reach each one of these points, we project its

bounding box, assuming that the center of the vehicle will

be at location (x = pi,j(x), y = pi,j(y), z = 0), and derive

the corresponding rectangles of the AV at these positions,

thus creating tuples with coordinates and time that the AV

will be at these coordinates, as described in Equation 14 and

depicted in Figure 4.

{
positionav,i,j = (x = pi,j(x), y = pi,j(y), z = 0)

tpi,j
=

distpi,j
uav,current

(14)

Fig. 4: Projection of the autonomous vehicle in the candidate

paths through time.

By the same logic and taking under consideration the speed

of a dynamic object, we can calculate its position at times ti,j
for each point of each of the candidate paths, using Equation

14. We assume that the object will be moving straight

and project it accordingly, as depicted in Figure 5. From

each one of the aforementioned projections, we calculate

the corresponding rectangle. Finally, we check for possible

collisions through time, using the method of overlapping

rectangles, as described in section III-B. If a path does not

cross any dynamic object the collision check is defined as

0. If a path crosses a dynamic object, the collision check is

defined as the highest value involved. The collision checks

for dynamic objects are depicted in Figure 6(b).

Fig. 5: Dynamic vehicle path projection through time.

Fig. 6: Collision Check results.

Collision risk assessment The outcome of the collision

check is crucial for path selection, but no other information

is utilized, it may result in hazardous accidents. For instance,

in Figure 6, if the criterion for path selection is the shortest

path with no collision, the path cp4 may seem like the

optimal choice (as shown in Figure 6(a)). However, this

path is dangerously close to an obstacle. To avoid collisions

due to control errors or occluded obstacles, it’s imperative

to assess the risk associated with each path candidate. This

study employs a method using discrete Gaussian convolution

along with collision checks, as explained in Equations 15 and

16 to determine the risk for each path candidate.

fs(cpi) =
N∑

k=−N

gi(k)R[k + i] (15)

where fs(cpi) is defined as the static safety cost function of

path candidate cpi and gi(k) is the discrete inverted Gaussian

function, which is defined as follows:

gi(k) =
1√
2πσ

e−
(k−i)2

2σ2 (16)

where 2N +1 is the length of convolution, which is equal

to the number of path candidates in our method, R is the

standard deviation of collision risk, which is a parameter for

determining the effective range of collision detections.
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IV. RESULTS AND ANALYSIS

The presented methodology was tested using predefined

Autonomous Driving scenarios, using CARLA Simulator

[30]. These scenarios included various roads with static

and dynamic objects. The simulation results show that the

proposed method can identify a safe path for navigating the

vehicle and avoiding obstacles in most of the cases. More

specifically, as depicted in Figure 7, the implemented algo-

rithm is able to identify that following any of the generated

candidate paths will lead to a collision with a static obstacle,

and as a result, it stays still until an available local path is

generated. In Figure 8, the algorithm predicts the bounding

boxes of a pedestrian through time. Lastly, in Figure 9, slow

leading vehicles result in possible collisions and the AV

performs a lane change maneuver to evade them.

The results are presented in Table I. Scenario 1 and

Scenario 2 presented small towns with a plethora of T-

junctions, slow-moving vehicles and pedestrians. The roads

in these two scenarios were single-laned, and as a result, the

AV was not obligated to perform lane-changing maneuvers.

The AV’s average speed was 19.27 km/h in Scenario 1 and

11.9 km/h in Scenario 2. There were no collisions with either

vehicles or pedestrians in any of these scenarios. Scenario

3 presented the most complexity among all tested scenarios,

since it contained a 5-lane junction, a roundabout, unevenness

and a tunnel. AV was obligated to perform lane-changing

maneuvers in multiple occasions. The AV’s average speed

was 18.99 km/h. During testing, there were two collisions

with moving vehicles (dynamic objects) and no collisions

with pedestrians. Scenario 4 presented a infinite loop with a

highway and a small town. The road network in this Town

consisted of multi-laned roads. The AV’s average speed was

44.57 km/h and the vehicle was obligated to perform lane

changing maneuvers multiple times. In spite of the difficulties

that this scenario presented, there were no collisions with ei-

ther vehicles or pedestrians. Scenario 5 presented a Squared-

grid town with cross junctions and a bridge. The road network

contained multiple lanes per direction and as a result the

autonomous vehicle had to perform lane changing maneuvers

multiple times. Its average speed was 34.44 km/hour. During

this scenario, the AV collided twice with a moving vehicle

(dynamic object). Scenario 6 presented a town consisting

of Long highways with many highway entrances and exits.

The AV wad once again obligated to perform multiple lane

changing maneuvers. During this scenario, its average speed

was 30.44 km/h and no collisions were reported.

In the aggregate, according to Table I, the implemented

algorithm managed to navigate the Autonomous vehicle for

2313 seconds (approximately 38.5 minutes) and 8483.46

meters (approximately 8.5 kilometers) and resulted in 4 colli-

sions with vehicles in total and no collisions with pedestrians.

It is clear that the algorithm corresponds extremely well in

cases of low moving speed in urban cities with high traffic.

The majority of the collisions detected took place in cases the

vehicle was moving with relatively high speed (more than 60

Scenario
1 -

Town01

Scenario
2 -

Town02

Scenario
3 -

Town03

Scenario
4 -

Town04

Scenario
5 -

Town05

Scenario
6 -

Town06
Game Duration

(Seconds) 257.6 777.4 529.3 214.5 238.7 295.5

System
Duration
(Seconds)

354.78 1018.28 805.4 409.6 406.63 428.34

Route Length
(Meters) 737.42 972.5 733.78 2628.59 1651.12 1760.05

Collisions with
layout 0 0 0 0 0 0

Collisions with
Vehicles 0 0 2 0 2 0

Collisions with
Pedestrians 0 0 0 0 0 0

Average Speed
(km/h) 19.27 11.9 18.99 44.57 34.44 30.44

Maximum
Speed (km/h) 59.6 33.2 69.12 82.88 77.32 58.61

TABLE I: Experimental Results of the implemented algo-

rithm - Meta Information

km/hour) and most of them occurred in cases that all of the

evaluated candidate paths were unavailable, but the vehicle

did not manage to reduce its speed in time.

Fig. 7: All paths are blocked. The autonomous vehicle waits

until it finds an available local path to follow.

Fig. 8: Prediction of the Bounding boxes of a pedestrian

crossing the road.

V. CONCLUSIONS AND FUTURE WORK

In this study an integrated motion planning module that

guides the vehicle to a destination point while considering

static and dynamic objects in the environment was presented.

The algorithm focuses on local path generation and the

selection of the optimal collision-free path to be followed
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(a) (b)

(c) (d)

Fig. 9: (a) All candidate paths are blocked. The autonomous

vehicle reduces its speed. (b) The evaluation of the can-

didate paths provides a collision-free path on an adjacent

lane. (c) The autonomous vehicle performs a lane change

maneuver. (d) Lane change maneuver has been performed.

The autonomous vehicle has now evaded the slow moving

vehicles in the first two lanes and is able to increase its speed.

along a predetermined global path. This algorithm is re-

sponsible for generating a set of path candidates in the

Frenet coordinate system and selecting an optimal local path,

making use of a novel cost function that considers static

and dynamic object avoidance. This function prevents the

autonomous vehicle from traveling unnecessarily close to

static and dynamic objects and allows the vehicle to avoid

static and dynamic objects, thus ensuring the safety of the

passengers. Challenging scenarios (including various roads

with static and dynamic obstacles) were used to test and

evaluate the developed method. This algorithm demonstrated

the capability to manage numerous static and dynamic ob-

stacles simultaneously in contrast to similar techniques. The

simulation results are promising and show that the proposed

method can identify a safe path for guiding the vehicle

and avoiding obstacles. In the future, the algorithm will be

tested on a physical vehicle and will be evaluated in real-

world scenarios. Future work will also contain a study of

handling stochastic measurements and their effects on the

implemented algorithm, a development of a behavioral layer

for decision making and cost function expansion to account

for comfortability of the AV’s passengers.
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