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Abstract—To solve the problem of trajectory planning for
Autonomous Ground Vehicles (AGVs) in structured environ-
ments, a kinematically-feasible trajectory planning approach
based on road models is proposed. In order to cope with
obstacle avoidance on roads, we develop an efficient path
generation method, using the piecewise spiral curve to generate
a set of continuous curvature paths which satisfy the constraints
of the start and end point boundaries. Based on the proposed
optimization function, the optimal path is selected. Compared
with the model-based predictive trajectory planner, the method
proposed in this paper can effectively avoid the problem of slow
convergence or no feasible solution. The experimental results
show that: The proposed method not only retains most of the
advantages of model-based predictive trajectory planning, but
also reduces the computational complexity to meet the real-
time requirements. The curvature of the generated path is
continuous and is suitable for the actual control of the vehicle.
Simulation results show that the proposed method can track the
reference path smoothly and avoid static obstacles successfully.

Keywords-Autonomous ground vehicle, sampling-based mo-
tion planning, local path generation, obstacle avoidance.

I. INTRODUCTION

Autonomous driving technology is considered to have

great potential in improving driving safety and comfort. In

the last ten years, the unmanned car has made remarkable

achievements. But so far, the autonomous driving technology

for complex environment has not been mature. As a key part

of autonomous driving technology, there are many problems

that need to be solved in path planning [1] [2]. The path

planner must be able to generate an executable path quickly

and efficiently in a variety of complex scenarios in real time.

In the structured environments, the geometric information

of the reference path has a strong constraint on the local

path of the vehicle, so it is necessary for the path planner

to consider the geometric constraint of the reference path

when generating the local path. The method of obtaining

the reference path according to the perception information,

such as lanes and curbs, cant guarantee the continuity and

smoothness of the curvature and heading angle, which is

not suitable for vehicle driving. Therefore, it is necessary to

generate kinematic feasible paths using local path planner.

In this paper, we focus on solving the problem of AGVs path

planning problem in structured environments. On the basis of

sate-space sampling, we consider the constraints of vehicle

position and heading to generate a set of kinematically-

feasible paths in real time.

II. RELATED WORK

Local planning, which is also known as the motion

planning, is an important part of the planning module. Local

planning generates feasible paths in real time in the circum-

stance of dynamic traffic participants. The common method

using in local planners can be classified into two types.

One is the optimization method considering the boundary

constraint [3], [4], the other is the path generation method

based on sampling [5]. The sampling based path generation

method can be divided into two categories: state space

sampling, control space sampling [6].

Von et al. proposed a local path generation algorithm

based on arc tentacles, which generates a series of candi-

date arcs with different radius after discretizing the control

space [7]. Himmelsbach et al. improved this method using

Clothoid as trajectory primitive while taking into account the

current curvature and the velocity of the AGVs [8]. Because

the control space sampling has the characteristics of simple

calculation and good real-time performance, this method is

widely used in local planning of AGVs [7]. However, this

method also has inherent shortcomings. For example, the

generated trajectory shape is too simple to deal with complex

obstacle constraints. In addition, since this method does not

take into account the end state constraints of the trajectory,

a large number of computational resources are consumed on

the generation and evaluation of non-executable trajectory.

In order to solve the problems existing in the control space

sampling, some scholars proposed the method of state space

sampling. The state-space sampling method first discretizes

state space, and the local path generation problem is for-

mulated into a Two-Point Boundary Value Problem(BVP).

Kelly et al. expressed the steering control command of car-

like robot as a polynomial about the arc length and solved
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the unknown parameters using the gradient-based shooting

method [9] [10]. The curvature of the path obtained by this

method is polynomial of arc length, which is convenient for

vehicle tracking. The AGV platform developed by Carnegie

Mellon University using this local planning method won the

championship in DARPA Urban Challenge [11]. However,

due to the nonlinearity of the vehicle model, the shooting

method used to sometimes can’t converge or converge too

slow. In order to solve this problem, Ferguson et al. applied

an initial parameter lookup table to improve the convergence

rate of the algorithm [12]. Kanayama et al. used a piecewise

spiral curve to connect two points on the plane while

ensuring the generated path curvature is continuous [13]. But

this method only considers the curvature constraint without

considering the existence of obstacles. In order to deal with

the obstacles in real time, we develop a sampling-based

piecewise spiral curve path generation method to generate

a series of kinematically-feasible path while satisfying the

reference path constraints.

The remainder of this article is organized as follows.

Section 3 mainly describes the method of generating local

path by using piecewise spiral curve, and compares the

experimental result with the path generation method based

on model-based predictive path planner. Section 4 shows

the simulation results. Conclusions and future work are

discussed in Section 5.

III. SAMPLING-BASED PIECEWISE SPIRAL CURVE PATH

GENERATION METHOD

Because the state-space sampling has the advantage of

making full use of the geometric constraint of the reference

path and good consistency of the spatial distribution of the

generated path, it attracts a lot of scholars to study it. The

overall idea of state space sampling is that the end of the

trajectory is first sampled and then the trajectory generation

problem is transformed into a Two-Point Boundary Value

Problem [14]. In this part, we propose a sampling-based

piecewise spiral curve path generation method .The gener-

ation method mainly includes three steps. First, sampling

along the reference path. Second, generating the candidate

path. Last, selecting the optimal path based on optimization

function.

A. Sampling the final state along the reference path

In the actual environment, there are often a variety of

obstacles around the reference path, so the local motion

planner needs to generate a set of candidate path in real time

to ensure its flexibility and feasibility. The traditional pure

pursuit algorithm has the advantage of good real time while

considering the position constraint of the preview point.

However, this method ignores the heading angle constraint

of the preview point, so that the generated candidate path

cant be consistent with the heading of the reference path at

the preview point. When the speed of the vehicle is high or

the curvature of the reference path is too large, it is likely

to cause problems such as sudden steering or overshoot of

the vehicle. In order to ensure that the generated candidate

path and reference path are conformal, we add the heading

constraint to the final sampling state. Given vehicle initial

state [xI ,yI ,θI ],we sample a set of final states [xT ,yT ,θT ]
as showing in Fig. 1.In order to ensure the candidate path

and the reference path are aligned, the heading of the final

sampling state is equal to the heading of the nearest point

on the reference path.

initial state

reference path

terminal state

, ,I I I IX x y

lateral sample distancelongitudinal sample distance

, ,T T T TX x y

Figure 1: State space sampling.

B. Piecewise spiral curve path generation method

In this paper, the heading angle of the generated path is

piecewise cubic function to the length of path. As showing in

Fig.2 , for two points: PI (xI ,yI ,θI) , PT (xT ,yT ,θT ) ,if α1 =
α2 , we define these two points as symmetric configuration.

According to the nature of spiral curve, two points which

are symmetric configuration, we can use spiral to connect

two points:

l =
d

D(α)

κ (s) =
6αD(α)3

d3

(
d2

4D(α)2
− s2

)

D(α) = 2

∫ 1/2

0
cos
(
α
(
3/2−2s2

)
s
)
ds

(1)

Where l is the length of the curve, κ (s) is the curvature,

d is the straight distance between two points , α = θT −θI .

If the given two points PI and PT are not symmetric con-

figuration, we cant use spiral to connect two points directly.

We need to find an intermediate point O ,which makes PIO
and PT Oare symmetric configuration respectively.

When θI = θT , the set of intermediate points are :

U1 = {(x,y) |(x− xI)(y− yI) = (x− xT )(y− yT )} (2)
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Figure 2: Symmetric configuration.

When θI �= θT , the set of intermediate points are:

U2 = {(x,y) |(x− xI)(x− xT )+(y− yI)(y− yT )∗
tan

(
θT −θI

2

)
= (x− xI)(y− yT )− (x− xT )(y− yI)

}
(3)

Algorithm 1 gives a detailed description of the path gener-

ation method based on piecewise spiral curves. As showing

in Fig.3, we demonstrate a comparison of our methods and

model predictive local path generation method proposed by

Li et al [14]. The path generation method based on model

predictive, because of the strong nonlinearity of the system

model, can’t be solved by analytical method, so it needs

to be solved by numerical integration method. In practical

application, this method may can’t get feasible solution

or converge slowly. In this paper, we use the piecewise

spiral curve as the path primitive which avoids solved by

iteration, so it has the advantage of low computational cost.

In addition, we can find that, by the given initial and goal

state, our method can get a set of continuous curvature and

satisfy constraints of initial and target state, to ensure the

flexibility of the candidate path.

C. Path evaluation

The generated candidate paths are first checked against

obstacles explicitly to ensure safety. The candidate path with

minimum cost is selected as the optimal path. We design

a cost function to evaluate the security, smoothness and

consistency of the planning results:

cost = ω1Jp +ω2Js +ω3Jd +ω4Jc +ω5Jo (4)

Where Jp is the length cost of candidate path. The purpose

of this term is to punish the vehicle reactive behavior caused

by the short path.

Jp =
smax− s

smax− smin
(5)

Algorithm 1 Path generation method based on piecewise

spiral curve.

1: Input: Initial statePI (xI ,yI ,θI)Final statePT (xT ,yT ,θT )
2: Output:Candidate path parameters

3: // determine whether the two points are symmetric
configurations

4: if The two points are symmetric configurations then
5: Connect the two points using cubic spiral directly

6: Output:Candidate path parameters

7: end if
8: if θI = θT then
9: Sampling intermediate point from U1

10: Connect each symmetric configuration

11: Output:Candidate path parameters

12: end if
13: if θI �= θT then
14: Sampling intermediate point from U2

15: Connect each symmetric configuration

16: Output:Candidate path parameters

17: end if

0 1 2 3 4 5 6 7 8 9 10

-0.2

-0.1

0

0.1

0.2

0.3

0.4

0.5

x(m)

cu
rv

at
ur

e(
1/

m
)

0 1 2 3 4 5 6 7 8 9 10

0

0.1

0.2

0.3

0.4

0.5

x(m)

he
ad

in
g 

an
gl

e(
ra

d)

0 1 2 3 4 5 6 7 8 9 10
0

0.5

1

1.5

2

2.5

x(m)

y(
m

)

 

 

0,0,0initial state

10,2.5,0final state

Figure 3: An example of the path generation method com-

pare with model predictive method.

smax is the upper limit of the path length threshold, smin
is the lower limit of the path length threshold, s is the path

length.
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Js is the curvature cost of candidate path. The curvature

of the path is directly related to the vehicles lateral control

stability and comfortability.

Js =
1

s f

∫ s f

0

κ (s)
κmax

ds (6)

s f is the length of candidate path. κ is the curvature of

the path. κmax is the upper limit of curvature. The purpose

of this term is to punish the curvature cost of candidate path.

Jd is the cost of cumulative lateral distance offset with

respect to the reference path.

Jd =

⎧⎨
⎩

1

s f

∫ s f

0

d
dthreshold

ds , d < dthreshold

∞ , d ≥ dthreshold

(7)

d is the lateral distance offset, dthreshold is the width of

the road, When the deviation is greater than the road width,

the cost is infinite. The purpose of this term is to punish the

lateral offset of the candidate path to the reference path.

Jc is the cost of consistency of the planning results. In

order to prevent the vehicle from jittering, we evaluated the

consistency of the alternative path and the current path.

Jc = ds−d0 (8)

Where ds is the lateral deviation of the next sampling

point and d0 is the lateral deviation of the current sampling

point.

Jo is to evaluate the distance of the path from the obstacle.

We consider the vehicle size to set the minimum threshold

:dmin and the maximum threshold :dmax for the distance.

Jo =

⎧⎪⎪⎨
⎪⎪⎩

0 , d < dmin

dmax−d
dmax−dmin

, dmin < d < dmax

∞ , d > dmax

(9)

IV. EXPERIMENTAL RESULTS

In order to test the effectiveness of our local path planning

algorithm, various simulation experiments in MAT LAB� are

designed.

The experimental scenario design is shown in Fig.4. We

set static obstacles along the reference road, while dynamic

obstacles are not considered. The local path planning in

the whole process adopts the local path planner proposed

in Section 3. The lower figure shows a snapshot of state

sampling and the process of selecting the optimal path. This

paper assumes that the controller can track the local path

accurately. The parameters of the path generation method

are set as follows: lp ∈ [10m,15m,20m] , dp = [−2m,2m]
, Δdp = 0.5m , κmax = 0.2m−1 , dmin = 1m , dmax = 2m ,

smax = 35m , smin = 10m . As can be seen from the Fig.5,

the vehicle can avoid static obstacles on the road, while the

maximum curvature of the vehicle to meet the constraints

(the maximum curvature of the experiment set to 0.2 / m). In

addition, we can see from Fig.3 that the curvature generated

by the piecewise spiral curve is continuous.
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Figure 4: Simulation results for path following with static

obstacles avoidance.
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Figure 5: The curvature and heading angle of the path

following simulation results.

In order to verify the flexibility of our proposed approach

in complex environments, we designed the experimental

scenario as shown Fig.6. Compared with the path generation

method based on model predictive, piecewise spiral curve

path generation method can still generate a large number

of feasible candidate paths in the environment of complex

obstacles while the other can’t. As we can see in Fig.7, we

can change the shape of the generated path by changing the

intermediate point.
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Figure 6: Obstacle avoidance experiment under complex

obstacles.
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Figure 7: Changing the intermediate point.

In order to verify the real-time performance of our pro-

posed approach, we counted the time of the path generation

time in Fig.6. The results are shown in Tab.I. From the

results we can find that it takes only 0.037 seconds to

generate 127 candidate paths, which proves that our method

can meet the real-time requirements.

The above simulation results show the effectiveness of our

path planning approach.

V. CONCLUSIONS

This paper studies the planner of autonomous vehicle in

structured environments. We proposed a state-space sam-

pling based method is used to generate candidate paths

which are conformal to the reference path. This method can

consider a variety of non-holonomic constraints, such as cur-

vature upper limit, curvature change rate, etc. Because our

method avoids solving the nonlinear equation, the real-time

performance of the algorithm is improved. The simulation

results show that it can track the reference path and smoothly

as well as avoiding static obstacles. Future work is mainly

focused on dynamic obstacle avoidance and the optimization

Table I: Piecewise spiral curve parameters setting and cal-

culation time

Meaning Value

Initial state (0,0,0)
Final state (20,2.5,0)
Integral step 0.01m
Number of paths 127
Calculation time 0.037s

of reference path consider the constraints of static obstacles

and road boundary.
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