This is an Author's Accepted Manuscript version of the paper:
H. Febbo, J. Liu, P. Jayakumar, J. L. Stein, and T. Ersal, "Moving Obstacle Avoidance for Large, High-Speed Autonomous
Ground Vehicles," American Control Conference, 2017.

Moving Obstacle Avoidance for Large, High-Speed
Autonomous Ground Vehicles
Huckleberry Febbo, Jiechao Liu, Paramsothy Jayakumar, Jeffrey L. Stein, and Tulga Ersal∗

Abstract—This work introduces the use of hard constraints
to avoid moving obstacles for navigating a large, high-speed
autonomous ground vehicle in an unstructured environment
using nonlinear model predictive control in a single-level
architecture, where path planning and tracking are combined
into a single optimization problem. Additionally, the hard
constraints approach is compared to the traditional approach in
this context which implements obstacle avoidance by augmenting
the obstacle avoidance requirements into the cost function as soft
constraints. In both approaches, the control signals, which are
steering angle command and reference longitudinal speed, are
optimized using a nonlinear vehicle dynamics model, where the
objective is to minimize the time-to-goal. Results indicate that
the hard constraints approach outperforms the soft constraints
approach both in terms of obstacle avoidance performance and
optimization time.

I. I NTRODUCTION
Avoiding collisions with obstacles is an important problem
for mobile robots, autonomous vehicles (AVs) and unmanned
ground vehicles (UGVs). For computational efficiency, control
of these vehicles is often carried out using a hierarchical
scheme wherein a high-level path planner quickly generates
a reference trajectory and then a vehicle-level controller is
employed to track the reference trajectory. In the literature
this hierarchical approach is refereed to as a two-level
architecture [1], [2]. However, when it becomes necessary to
push the vehicle to its dynamical limits by either minimizing
time-to-goal or maximizing progress-on-track, as in racing
situations [3], [4] or with military applications, the high-level
path planner may create dynamically infeasible trajectories,
because it often only considers simple vehicle dynamics.
Additionally, collisions with obstacles may occur if the vehicle
deviates from the reference trajectory, because vehicle-level
controllers do not generally constrain the vehicle to avoid
obstacles.
To mitigate these issues, several researchers optimize
the control commands for the vehicle using a single-level
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architecture [1], [2]. In a single-level architecture, there is no
reference trajectory available to the vehicle-level controller.
Instead, path planning and vehicle-level control are carried
out simultaneously. Thus, for a properly constrained system
with an appropriate vehicle model, the trajectories generated
for all feasible solutions will be both dynamically feasible and
collision free. Additionally, when the goal of the optimization
is to minimize time-to-goal or progress-on-track and the
problem is setup using a single-level architecture, the entire
state-space can be explored and the control signals that push
the vehicle to its dynamic limits can be identified.
AVs and UGVs are often controlled using model predictive
control (MPC) [2], [5]–[10]. MPC is capable of controlling
complex nonlinear systems bound by nonlinear constraints and
it works by optimizing the control signals using a model of
the system over a given prediction horizon and subsequently
executing a portion of these optimized signals.
Using a two-level architecture, where the higher level is
a path planner and at the vehicle level MPC is used for
path tracking, researchers controlled a sports vehicle to drive
autonomously at high speeds along a mountain road [4].
Additionally, MPC has also been used to develop active
steering algorithms to assist drivers in avoiding obstacles [11],
to limit the driver input inside a safe handling envelope [5],
and to stabilize a vehicle using an AV steering system [12]. In
[11], authors compare the performance of an MPC controller,
where the vehicle model is linearized at the beginning of
the prediction horizon, with one where the vehicle model
is linearized about a reference trajectory over the entire
prediction horizon, an approach often referred to as linear
time-varying MPC. In [5], authors develop an active steering
algorithm that optimizes the front lateral tire forces in lieu of
steering angle to formulate a convex optimization problem that
can be solved quickly. In [12] authors introduced the notion
of using nonlinear MPC (NLMPC) to control the steering
angle of a vehicle along a reference trajectory. However, all
of these optimizations utilize a two-level architecture and
time-to-goal minimization or progress-on-track maximization
are not explicitly considered.
Compared to the two-level architecture approach, there has
been much less work that focuses on controlling AVs and
UGVs using a single-level architecture, but favorable results
have been reported. In particular, researchers control 1 : 43
scale race cars in highly nonlinear operating regimes while
maximizing progress-on-track [2]. However, [2] focused on
small radio-controlled race cars, whereas this work focuses
on large vehicles with a high center of gravity such as a
High Mobility Multipurpose Wheeled Vehicle (HMMWV),

where rollover is a major concern and must be accounted for
in the constraints. In [8], an NLMPC algorithm that uses a
single-level architecture is introduced that operates a large AV
in unstructured environments (without lanes or traffic rules) to
optimize the steering angle in order to minimize time-to-goal
while avoiding static obstacles. This work is extended to
include the optimization of reference longitudinal speed in
addition to the steering angle in [9]. The obstacles, however,
were still considered to be static.
Using a single-level architecture, researchers utilized soft
constraints for moving obstacle avoidance while considering
the vehicle’s dynamical limits using NLMPC, but this
approach does not guarantee obstacle avoidance for a feasible
solution and the focus was on a low speed vehicle with a
short prediction horizon [10]. Obstacle avoidance can only be
guaranteed for a feasible solution if it is implemented using
hard constraints.
In summary, a hard constraints approach to handling moving
obstacles using a single-level architecture for large vehicles
with significant dynamics has not yet been investigated.
This work aims to fill this gap by developing an optimal
control formulation that uses hard constraints to avoid moving
obstacles using a single-level architecture based on the prior
effort in [8], [9], [13], [14]. It is assumed that an obstacle
detection and tracking algorithm such as the one developed
in [15] is utilized, so that both the shapes and time-varying
positions of all obstacles are known. Additionally, the soft
constraints approach is also implemented into the algorithm
and compared to the hard constraints approach. It is shown
that the hard constraints method both yields a better obstacle
avoidance performance and reduces optimization time when
compared to the soft constraints approach.
Therefore, the novel and salient contributions of this work
are:
1) Using hard constraints in a single-level optimal control
architecture to avoid collisions with moving obstacles for
a large, high-speed UGV in an unstructured environment,
2) Comparing soft constraints to hard constraints in current
context.
The remainder of this paper is organized as follows.
Section II presents the overall problem formulations for both
hard constraints and soft constraints methods. In Section III
two examples are investigated that compare the hard and
soft constraints methods. Finally, in Section IV the work is
summarized and conclusions are given.

II. P ROBLEM F ORMULATION
This work leverages the single-level optimal control
problem (OCP) formulation in [9] and modifies it to
accommodate moving obstacles using the hard constraints
approach. As a benchmark, the soft constraints approach is
also implemented. For simplicity and space limitations, these
two approaches are compared by comparing the OCP solutions
without closing the loop.
The controller executes the solution from the following

general OCP:
minimize
ξ, ζ, Tp

J = T (Tp )
(Z
Tp

)

I [ξ (t) , ζ (t)] dt

+

(1)

0

subject to

ξ̇ (t) = V [ξ (t) , ζ (t)]

(2)

ξ min (t) ≤ ξ (t) ≤ ξ max (t)

(3)

ζ min (t) ≤ ζ (t) ≤ ζ max (t)

(4)

F [ξ (Tp ) , ξ (0)] ≤ 0

(5)

R [ξ (t)] ≤ 0

(6)

S [ξ (t)] ≤ 0

(7)

Tp ≤ Tp,max

(8)

When Eq. (1) is minimized subject to the constraints in
Eq. (2) - Eq. (8), the optimal control vectors ζ, state vectors
ξ, and prediction time Tp can be calculated. In the following
sections, these equations are expanded and described starting
with the constraints and finishing with the cost function.
There are several sets of constraints that are identical in
both the hard constraints and soft constraints approaches;
the vehicle dynamics must be satisfied (Eq. (2)), both the
state and control trajectories must lie within their respective
bounds (Eq. (3) and Eq. (4)), the vehicle must reach the
goal (Eq. (5)), the vehicle must avoid collisions with moving
obstacles (Eq. (6)), the maneuver must be dynamically safe
(Eq. (7)), and the final prediction time must be less than Tp,max
(Eq. (8)). The difference between the two approaches is the
way that obstacle avoidance is implemented and is described
in detail below.
Eq. (2): Vehicle Dynamics
The level of model fidelity necessary in the model
predictive controller for a large UGV represented by a
14 Degree of Freedom (DoF) vehicle model is well
captured by a 3 DoF vehicle model with nonlinear bounds
on acceleration/deceleration, a nonlinear tire model, and
longitudinal load transfer [13], [14]. The NLMPC vehicle
model, governed by the state space equation shown in Eq.
(9), is leveraged within the OCP to identify to control inputs
over the prediction horizon.
ξ̇ = A (ξ) + Bζ

(9)

where
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yg − σ ≤ y (Tp ) ≤ yg + σ

(19)

Eq. (6): Moving Obstacle Avoidance using Hard Constraints
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at Tp . Mathematically, these constraints are expressed as:

Fig. 1. The 3 DoF vehicle model used in the optimal control problem
formulation [9]

respectively, γf is the steering rate, Mt is the total vehicle
mass, and Izz is the moment of inertia about the center of
mass. As shown in Fig. 1, ψ represents the heading angle,
Lf and Lr represent the distances between the front and rear
axles to the center of mass, respectively, U and V represent the
longitudinal and lateral speeds, respectively, x and y describe
the global position of the center of the front axle, δf is
the front steering angle, ωz is the yaw rate, Fy,f and Fy,r
represent the front and rear lateral tire forces, respectively,
and finally, αf and αr represent the front and rear tire slip
angles, respectively.
Eq. (3)-Eq. (4): State and Control Bounds
γf and Jx are chosen as control variables to achieve
smoother responses for δf and ax , respectively. Additionally,
γf and Jx are added to the optimization so that they can be
bounded at each instant in time (t) based on the physical limits
of the vehicle:
γf,min ≤ γf (t) ≤ γf,max

(10)

Jx,min ≤ Jx (t) ≤ Jx,max

(11)

Nonlinear acceleration/deceleration bounds, determined by
studying the acceleration/deceleration limits of the 14 DoF
plant model in the previous work [9], are incorporated, which
are functions of longitudinal vehicle speed:
ax,min [U (t)] ≤ ax (t) ≤ ax,max [U (t)]

(12)

Additional bounds based on both the vehicle limits and the
desired vehicle behavior are placed on x, y, U , ψ, and δf :
xmin ≤ x (t) ≤ xmax

(13)

ymin ≤ y (t) ≤ ymax

(14)

Umin ≤ U (t) ≤ Umax

(15)

ψmin ≤ ψ (t) ≤ ψmax

(16)

δf,min ≤ δf (t) ≤ δf,max

(17)

There are no explicit restrictions on lateral speed or yaw
rate.
Eq. (5): Final State Constraints
Constraints are also placed on the vehicle’s position (x, y)
to be within a small distance σ from the goal position (xg , yg )

In the hard constraints approach, obstacle avoidance is
guaranteed for the NLMPC vehicle model for all feasible
solutions, because hard constraints are added to insure that
the trajectories of the vehicle and the obstacles do not intersect
over Tp . Obstacles are represented as super-ellipses; thus, the
following constraint is enforced on the trajectory for each
obstacle:
x(t) − xi obs (t)
e+m

P

+

y(t) − y i obs (t)
f +m

P

>1

where xi obs (t) and y i obs (t) describe the global position of the
center of the ith obstacle at t, e and f describe the semi-major
and semi-minor axes, respectively, P defines the shape of the
super-ellipse, and m is a safety margin that is added around
each obstacle to account for the size of the vehicle.
Eq. (7): Dynamical Safety Constraints
For the type of vehicles this work is concerned with (i.e.,
large, high-speed vehicles with high center of gravity), tire
lift-off is the main dynamical safety concern. Identical to [8],
[9], tire-lift-off is prevented by constraining the vertical tire
force on the rear tires to be above a particular threshold,
Fz,threshold . Constraints are applied to only the rear tires due
to the observation that, for the specific vehicle considered, rear
tires experience lift-off before the front tires [9].
Eq. (1): Cost Function
The cost function consists of four terms that are linearly
combined and multiplied by their respective weighing
parameters wt , wψf , wFz , and wcf .
J = wt Tp +
Z Tp
2
wψf
[sin (ψg ) (x − xg ) − cos (ψg ) (y − yg )] dt+
0




Z Tp 
Fz,rl − a
Fz,rr − a
+ tanh −
dt+
wFz
tanh −
b
b
0
Z Tp


wcf
wδ δf2 + wγ γf2 + wJ Jx2 dt
0

(20)
The first term term minimizes Tp . For a feasible solution,
Tp is also the time that it takes for the vehicle to reach the
goal. By minimizing this time, the vehicle is effectively pushed
towards its dynamical limits. The next term helps ensure that
the vehicle passes the goal point (xg ,yg ) through a desired
direction (ψg ). The third term in the cost function is a soft
constraint on the vertical tire load that dissuades the vehicle
from operating too close to the threshold on the vertical tire
load; a and b are parameters. More information on the third
term can be found in [9]. The final term in the cost function

penalizes the control effort of the vehicle over the entire
prediction horizon. wδ , wγ , and wJ are additional weighing
terms on the steering angle, steering rate and longitudinal jerk,
respectively.
Moving Obstacle Avoidance using Soft Constraints: In this
approach, the hard constraints on obstacle avoidance (Eqn. (6))
are removed and an additional term SCi is added to the
cost function (Eq. (20)) for each obstacle to promote obstacle
avoidance.
Z Tp
β(t, i)
SCi = wobs
2 dt
(d(t, i) + ε)
0
with
q
2
2
d(t, i) = (x(t) − xi obs (t)) + (y(t) − y i obs (t))
where β(t, i) is a boolean that is set to unity if the vehicle is
within a certain distance of the obstacle. For circular obstacles
(e = f and P = 2) β(t, i) is set to unity if d(t, i) ≤ e + m. If
the obstacle is not a circle, there is no analytical expression
to determine if the vehicle is outside of the obstacle and m,
so d(t, i) is calculated numerically as described below. If the
vehicle is at least a distance of m from the nearest point on the
obstacle, then β(t, i) is set to zero. Finally, wobs is a weighing
term that promotes obstacle avoidance, and ε is a small number
used to avoid singularities.
To calculate d(t, i) for an elliptical obstacle, the initial
approach, referred to as SC1 , was to find the nearest point
to the vehicle on the edge of a rectangular grid of query
points enlarged around the obstacle by 1.2 × m in both the x
and y directions similar to [10]. While this works for simple
cases, this approach results in a lack of information in the
gradient function when the optimization is evaluating solutions
where the vehicle trajectory is within the grid of query points.
This can result in convergence on a solution that crashes into
an obstacle even when there is another feasible obstacle-free
path. Therefore, in this work another approach, referred to as
SC2 , was adopted wherein d(t, i) is calculated to the center of
the obstacle, so that there is gradient information available
to the optimization; it is more costly to drive through the
middle of the obstacles than through the sides. In the cases
tested, SC2 was found superior to SC1 in terms of obstacle
avoidance performance and convergence speed, so the Results
and Discussion section focuses on comparing hard constraints
to SC2 and only a small section is included that demonstrates
how SC1 can fail to highlight that the designer must be careful
when building SCi .
Solving the OCP
The aforementioned continuous time OCP is transcribed
into a nonlinear programming problem using Euler’s
Backward Difference method and solved using the Interior
Point Method implemented in IPOPT [16].
III. R ESULTS AND D ISCUSSION
Demonstration of the hard constraints formulation
developed in this work is provided using two scenarios that
involve multiple moving obstacles. Comparisons to the soft
constraints approach are also included.

Case 1
In the first example, there are three circular obstacles; one
is large and static, another is medium size and moving left
in front of the vehicle between the start and goal points, and
the last one is roughly the size of a HMMWV (called the
small obstacle for this case) and is moving in the direction
from the start point to the goal point. Both hard and soft
constraints formulations identify feasible solutions, albeit they
are quite different as shown in Fig. 2. Using the soft constraints
method the vehicle overtakes the small obstacle to the right and
maneuvers just to the left of the large obstacle and to the right
of the medium obstacle, whereas the hard constraints method
identifies a solution that overtakes the small obstacle to the left
and is able to maneuver to the left of both the medium and
large obstacles. Thus the hard constraints method is able to
reduce time-to-goal by 30% compared to the soft constraints
approach. In Fig. 3, the vertical tire force, longitudinal speed
and steering angle traces are shown for both methods. Towards
the end of the trajectories, both vehicles are operated very
close to their limit for minimum tire vertical load.
Another important consideration when comparing these
optimizations is the optimization time. The optimization time
was 0.74 and 1.83 min for the hard and soft constraints
methods, respectively, on a 2.9 GHz CPU. While neither one
of these times are considered to be fast enough for real-time
experimentation, it is worth noting that the optimizations were
implemented in MATLAB for fast development purposes, and
an implementation in a compiled language can be expected
to be significantly more efficient. More importantly, the hard
constraints method was able to reduce the optimization time
by 60% compared to the soft constraints approach.
Finally, it is noted that the soft constraints formulation
converged on a local minimum, as the solution obtained by
the hard constraints method yields a smaller objective function
value also for the objective function used for soft constraints.
Case 2
In the second example, both algorithms are tested in a
scenario with 17 moving obstacles of various shapes (to
represent cars, HMMWVs, and tanks) and speeds that are
moving horizontally between the vehicle starting and the goal
points. Both the hard and soft constraints methods avoid all of
the obstacles and successfully attain the goal position as shown
in Fig. 4. To complete the mission, both vehicles follow very
similar trajectories; this is likely due to the limited number
of feasible paths for this particular scenario. As a result,
time-to-goal is the same for both approaches and is 10 s. In
Fig. 5, the vertical tire load, longitudinal speed and steering
angle are shown for both methods. Between about 2.5 s and
4 s, both vehicles are operating at the minimum vertical load
(set to 1000 N for these tests). This corresponds to the extreme
maneuvers that the vehicles make between Frame 2 and Frame
3 in the top and bottom traces in Fig. 4 to avoid colliding with
obstacles.
It is also noted that for both the hard and soft constraints
cases the solution identified is not feasible at the last step,
because at the last time step the vehicle accelerates above

the maximum allowable acceleration in order to satisfy the
constraint that the vehicle is within a particular distance (σ)
in both the x and the y directions of the goal (Eq. (5)).
This occurs only at the last time step and is an artifact of
a discretization with a fixed time step as part of the solution
strategy. Our preliminary investigations indicate that a variable
time step implementation resolves this issue.
One of the major drawbacks of the soft constraints method
is the amount of time that it takes to complete the optimization,
which is 364.5 min and two orders of magnitude longer
compared to the 3.21 min for the hard constraints formulation.
This is likely due to the fact that when solving this problem
using the soft constraints method for elliptical obstacles, there
is no analytical expression for the distance from the vehicle
to the nearest point on the ellipse and a numerical solution
for this distance is needed. Without analytic expressions for
the objective function, its gradient, the constraints and their
Jacobian, IPOPT typically takes much longer to converge.
Additionally, collision avoidance is not guaranteed for a
feasible solution using soft constraints. To demonstrate this,
the formulation SC1 is used to find a solution in Case 2. The
optimization converges on a solution illustrated in Fig. 6 that
drives the vehicle into an obstacle at t = 1.76 s.
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In this work, a hard constraints formulation is developed for
moving obstacle avoidance in a large, high-speed autonomous
ground vehicle in an unstructured environment. To this end, a
3 DoF vehicle model is utilized in a single-level nonlinear
optimization framework to find the optimal control signals
(steering rate and longitudinal jerk) subject to constraints
on both the dynamical limits of the vehicle and obstacle
avoidance. This formulation is benchmarked against a soft
constraints approach that also utilizes the same models,
but relaxes the hard constraints on obstacle avoidance and
augments the cost function with a term that promotes
obstacle avoidance. Two comparative simulation case studies
are given. It is found that both algorithms successfully
avoid colliding with obstacles, however the proposed hard
constraints formulation is found superior due to both a faster
convergence time in optimization as well as better obstacle
avoidance performance in terms of time-to-goal. Future work
includes improvement of optimization times, identification of
obstacles based on sensor data, prediction of the future paths
of the obstacles, performing closed-loop evaluations with a
vehicle model that has higher fidelity than the 3 DoF model
used in the NLMPC formulation, evaluating the robustness of
the algorithm and validating it experimentally.
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