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Abstract

This paper presents a new approach to fuel-optimal path plan-
ning of multiple vehicles using a combination of linear and in-
teger programming. The basic problem formulation is to have
the vehicles move from an initial dynamic state to a final state
without colliding with each other, while at the same time avoid-
ing other stationary and moving obstacles. It is shown that this
problem can be rewritten as a linear program with mixed inte-
ger/linear constraints that account for the collision avoidance.
A key benefit of this approach is that the path optimization
can be readily solved using the CPLEX optimization software
with an AMPL/Matlab interface. An example is worked out to
show that the framework of mixed integer/linear programming
is well suited for path planning and collision avoidance prob-
lems. Implementation issues are also considered. In particular,
we compare receding horizon strategies with fixed arrival time
approaches.

1 Introduction

The problem discussed in this paper is to use mathematical
programming techniques to find the optimal path between two
states for a single vehicle or a group of vehicles. This path will
be optimized with respect to both fuel and/or time, and must
ensure that the vehicles do not collide with each other or with
obstacles, which can be fixed or moving. A classical approach
to collision avoidance, especially in the field of robot motion
planning, is the use of potential functions [1]. Other recently
developed techniques include such approaches as randomized
algorithms [2]. Path planning techniques using graph search-
ing and surface covering [3] were developed earlier. This pa-
per presents an alternative technique that uses integer program-
ming as a modeling framework to formulate appropriate ob-
stacle and inter-vehicle collision avoidance constraints on the

motion of the dynamic system.

The paper first presents the basic problem formulation for a
single vehicle, which is followed by the introduction of the
constraints for obstacle avoidance. Note that we distinguish
between (i) collision avoidance with stationary obstacles, (ii)
collision avoidance with moving obstacles that have prede-
fined paths, and (iii) mutual collision avoidance between mul-
tiple vehicles. A software implementation using AMPL and
CPLEX with a Matlab interface to solve the mathematical pro-
gram is presented. Section 6 compares different implementa-
tion strategies including receding horizon and fixed arrival time
approaches.

2 Problem formulation
2.1 Single vehicle

The basic path planning problem discussed in this paper is the
problem of finding a fuel-optimal path between the two states
of one or more moving objects. Classical approaches to this
optimization problem include the minimization of a quadratic
cost function whose variables must satisfy the state space equa-
tions of the dynamical system (A, B¢) [4].

minJ:min/ (s'Qs + u'Ru) dt (1)
s,u s,u Jq
subjectto § = Acs + Beu 2)

In this problem formulation, s € R™ is the state vector and
u € R™ is the control. The system is assumed to start from
some original state sg. The destination state is implicitly de-
fined to be 0.

The cost function used in this paper uses a weighted one-norm.
The (semi-)positive definite weighting matrices Q and R of the
quadratic formulation are replaced by nonnegative weighting
vectors q and r, which gives the following convex cost func-
tion:

J:/ (q'ls| +'u] )dt 3)
0
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where |v| denotes the vector of absolute values of v. When
combined with the collision avoidance constraints (see Sec-
tion 3) the 1-norm formulation yields a mixed integer/linear
program, which is much easier to solve than the mixed inte-
ger/quadratic program that would be obtained using a quadratic
cost.

In order to solve this fuel-optimal control problem numerically,
one must discretize the system and use a finite time horizon
T. The finite horizon T transforms into N = T'/At discrete
time steps, where At is the sample time. To account for the
remaining time 7' — oo a terminal cost f(sy) is introduced.
The original optimization problem is thus transformed into the
following one:

N-1
min Jp = min E (d|si] +r'|w;| ) At + f(sn) (4)
Si,W; SiyUg i—0

&)

subjectto s;11 = As; + Bu;

where A and B are derived from A, and B, through appro-
priate discretizations. Neglecting the constant term q'|so| and
dividing the cost function by At gives:

N-1 N-1

Jr="Y_ dsil+ Y r'|lui + f(sn) 6)
i=1 i=0

A straightforward choice for the terminal cost f(sy) is p'|sn],
where the nonnegative weight vector p can be tuned appro-
priately. This yields a convex, piece-wise linear cost function
that can be transformed into a linear form by introducing slack
variables and additional constraints [5]. By introducing the
slack variables w;; (¢ = 1,...,N ,j = 1,...,n) and vy
(i=0,...,N—1,k=1,...,ny), the optimization problem
can be reformulated as:

N-1 N-1
min J7r = min E qw; + E r'v, +p'wn
W;,V; W;,Vi
i=1 i=0
subject to 845 < Wij
—8ij < Wi )
Uik < Vg
—Ux < Vi
Sit1 = As; + Bu;

where the indices j and k denote the components of the state
and input vector respectively. The resulting optimization prob-
lem is a linear program, for which very efficient and highly op-
timized software packages exist. Several additional specifica-
tions can be added to this problem, including limits on control
amplitude or constraints on the state location.

2.2 Multiple vehicles

The linear program (7) can easily be extended to a multi-
vehicle case, where each vehicle has to move to a different
final state. In order to specify an arbitrary final state, the cost
function (6) is modified to minimize the difference between the
state and the final state. Denote the state, input and final state

vectors of the p vehicle as s;, u,; and s, 5 respectively. In the
most general case all vehicles can have different system matri-
ces (A, B,). Moreover different weight vectors qy, , r, and
P, can be used for each vehicle. The cost function for the pf
vehicle is thus modified to:

N-1 N-1
Jrp = Z qp, [Spi —Sps|+ Z T, [+ Py [Spy —Spr| (8)
i=1 i=0

The total cost function for K vehicles can be defined as the
sum of the separate cost functions. The linear program then
becomes:

K (N-1 N-1
: ! ! !
min E E 4 Wpi + E r,Vpi + PpWpN
WpiVpi i—0

p=1 \i=1
subjectto Spij — Spf < Wpij
—8pij +8pf < Wpij
Upik < Upik
—Upik < Upik

Spi+l = Apspi + Bpupi

C)
In the next section, we introduce obstacle avoidance constraints
and formulate them as mixed integer/linear constraints on the
positions of the vehicles.

3 Binary Constraints for Collision Avoidance
3.1 Stationary obstacles

Consider for simplicity of exposition a single moving vehicle in
atwo-dimensional space that must avoid a rectangular obstacle.
Let the position of the obstacle be denoted by the coordinates
of its lower left and upper right corner points: (Zmin, Ymin) and
(Zmax, Ymax) - At every time step 7 the position (z;,y;) of the
vehicle must lie in the area outside of the obstacle. This can be
formulated as:

Vie[l...,N]: z; < Zmin
or x; Z Tmax

10

or y; S Ymin ( )
OrY; 2 Ymax

Note that the vehicle is considered to be a moving point. This
is a classical approach taken in robot motion planning: the ob-
stacles are enlarged with the size of the moving object, such
that the vehicle itself reduces to a moving point [1].

A way to transform the or-constraints (10) into more useful
and-constraints is to introduce binary slack variables [6]. Let
tir be a binary variable (0 or 1) and let M be a large arbitrary
positive number. The constraints (10) may then be replaced by
the following mixed-integer/linear constraints:
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and —z; < —ZTmax + Mtp
and yi < Ymin + Mt
and  —y; < —Ymax + Mty (1D
4
and Ztik < 3
k=1
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If the k™ original or-constraint is not satisfied on the i time
step, the corresponding binary variable ;5 equals 1. The last
and-constraint ensures that at least one of the original or-
constraints is satisfied, which ensures that the vehicle avoids
the rectangle. The constraints (11) can be formulated for every
obstacle situated in the manoeuvre space and for every vehi-
cle in the multiple vehicle case. They are not enforced on the
initial (i = 0) time step since these positions are fixed by the
initial state.

This technique, however, is not restricted to rectangular pla-
nar obstacles. An arbitrarily shaped planar obstacle can be de-
scribed by a surrounding polygon, of which the edges give rise
to anti-collision constraints in both the z- and y-coordinates.
The extension to 3D-movements with 3D-obstacles is straight-
forward: one only needs to formulate extra constraints in the
z-coordinate and a 3D-obstacle can be described by a surround-
ing polyhedron.

3.2 Moving obstacles

An extension of the previous problem is to include moving ob-
stacles with a predefined motion. A straightforward approach
to this problem is to define new obstacles at every time step,
corresponding to the positions of the moving obstacles at that
instant. The coordinates of the obstacles change at every time
step, according to their predefined motion. For translational
motion of rectangular obstacles, the format of the binary con-
straints (11) remains the same. Rotational motion on the other
hand and motion of non-rectangular obstacles yield constraints
in both z- and y-coordinates. This strategy is readily imple-
mented in the algorithms using AMPL and Matlab (Section 5).

3.3 Multiple vehicles

In the case in which multiple vehicles are moving to different
destinations, collision avoidance between the vehicles can be
dealt with in a way similar to the case of stationary obstacles.
At each time step every pair of vehicles p and ¢ must be a min-
imum distance apart from each other in the z- or y-coordinate.
Considering planar motion again for simplicity of exposition,
denote the positions of vehicle p and g at the 5" time step as
(Zpi,Ypi) and (z4; , yq: ) respectively. Let the safety distances
be denoted by d,, and d,,. The constraints can then be described
as follows:

ables bygir, :

Vie[l,...,N]: Vp,q|lqg>p:
Tpi — Lqi > ds — Mbpqz'l
and xg —xp; > dy — Mbpgio
and Ypi — Yqi Z dy - Mbpqi3
and  ygi —Ypi > dy - Mbpqi4 (14)
and < 3

4
E : bpqik
k=1

Again the last constraint ensures that one of the original or-
constraints is satisfied, which implies that the vehicles are a
safe distance apart.

4 Mathematical program

The combination of the linear program (9) with the binary con-
straints for collision avoidance (11) and (14), yields a large
non-convex mixed integer/linear program (MILP). To make the
problem more realistic, one can also put linear or piece-wise
linear —i.e. absolute value— constraints on maximum and mini-
mum input and state [7].

Suppose that for all vehicles the state and input vectors are of
the following form:

5)
(16)

sp = [Zpypdp yp]T

up [Uap uyp ]T

Il

For simplicity only the position and the velocity are consid-
ered as state variables. Denote the minimum and maximum
input and state Vectors as Sp min, Sp,max> Up,min and Up max.
Constraints on the position should be interpreted as a rectan-
gular area, between the boundaries of which the vehicles are
supposed to stay.

Suppose there are K vehicles and L stationary obstacles. Let
the complete time range be divided into N time steps. The
complete mixed integer/linear program then becomes:

K /N-1 N-1

wmi‘rrl ' E < E QWi + E r,Vpi + p;)pr) (17)

pisVpi . ;
p=1 i=1 =0

subjectto Vp € [1,...,K]:

We[l,...,N]:Vp,q|q>p : |.’Em—$qi|2dz (12) ViE[l,...,N]: Tpi — Tpf < Wpit
or |yp'i - yq'il > dy —Tpi + Tpf < Wpi1
. . o . Ypi —Ypr < Wpi2
The condition ¢ > p avoids duplication of the constraints on _yp: + yp; < wp;
the positions. Eliminating the absolute values transforms the j:p_ _ a-:p < v (18)
S pi pf = Wpis
constraints into: it dpy < Wi
ViE[l,...,N]:Vp,q|q>p: mpi_xqizdw ypz'_ypf < Wpi4
Oor Tgi — Tpi > dy —Ypi + Yps < Wpia
(13)
or Ypi — Yqi 2 dy . N X <
OF  Ygi — Upi > dy Vie[0,....,N =1]: ugpi < Vpit
—Ugpi S Upil (19)
These constraints can again be formulated as mixed inte- Uypi < Upin
ger/linear constraints by introducing appropriate binary vari- —Uypi < Upio
Proceedings of the European Control Conference 2001 2605



Vielo,...,N—1]:

Sp(i+1) APSPi + Bpu?i T (20)
Spo = [Zpo Ypo Epo Ypo ]
Vie [O,,N—]_] oy > Up min Q1)
Up; S Uy max
Vie[l,...,N]: Spi > Spmin 22)
Spi S Sp,max
Veell,...,L],ie[l,...,N]:
Tpi S Z¢,min + Mtpcil
—Zpi S —Z¢,max + Mtpci2
Ypi S Yc,min + Mtpc'i3
—Ypi S ~—Ye,max + Mtpcz'4 (23)
4
Z tpcik S 3
k=1
tpcik = Oorl
Vie[l,...,N]: g€p+1,...,K]:
Tpi — Tyqi 2 dw - Mbpqil
Tgi — Tpi 2 dw - Mbpqu
Ypi — Yqi 2 dy - Mbpqi3
Yqi — Ypi 2 dy - Mbpqi4 (24)
4
Z bpqik S 3
k=1
bpgir = Oorl

5 Software

The total optimization problem from the previous section can
be readily solved by a mixed integer program solver imple-
mented in the CPLEX software package. CPLEX requires the
standard MPS-format as input [8], which can be generated by
running a specific m-script in Matlab. However, writing such
an MPS-file generating script is an error prone task and such
scripts are usually not very flexible in adapting the cost function
or the type of constraints. We have therefore used the AMPL-
language [9] to formulate the path planning problem.

Implementing the constraints in AMPL is straightforward, re-
quiring minimum translation from the form shown in Section 4.
The forms of the problem and the constraints are defined in a
model file, while the parameter values are in a separate data
file. Therefore, changes to the problem may be made without
rebuilding the constraints expressions. The data files can be
edited directly or generated by a simple Matlab script. AMPL
combines the model and data to an MPS-file, which is then
solved by CPLEX. Moreover, AMPL can handle piece-wise
linear variables and thus absolute values: it hence generates the
necessary slack variables and extra constraints automatically.

We thus specify the system matrices, the obstacle coordinates
and other optional dynamical parameters in Matlab, and use a
specific script to generate an AMPL input file. An AMPL script
selects the appropriate model and data file, calls the solver and

writes the resulting solution to an output file readable by Mat-
lab. Other Matlab-scripts then plot the path and visualize the
state and input sequence.

6 Planning Strategies

This section presents two planning strategies: a receding hori-
zon strategy and a fixed arrival time approach. The latter can
also be used to calculate the shortest time path.

6.1 Receding horizon

When applying a receding horizon strategy the path of the vehi-
cles is composed of a sequence of locally optimal segments. At
a certain time step the MILP from Section 4 is solved for the N
future time steps, which provides the input commands for these
N future time steps. However, only a subset of these N input
commands are actually implemented. Instead, the process is
repeated periodically and a new set of commands is developed
for each time window. Usually the applied subset is restricted
to the first control input. Hence a new set of input commands
is calculated at each time step.

6.2 Fixed arrival time

An alternative approach is to use a fixed arrival time, which
means that the arrival time is specified and the mathematical
program is solved once over the entire time range. The fi-
nal state (at time step IN) can be constrained in this approach
(sy = sy) instead of including it in the cost function. The cost
function for a single vehicle then reduces to

n

N—-1 na,
Jr= > rjluil
i=0 j—1

(25)

where u;; denotes the j th component of the input vector at time
step ¢. Thus the calculated path is designed to minimize the
fuel used for that specific time range and weight vector r.

The extension to the multiple vehicle case is straightforward.
In case the arrival times of all K vehicles are the same, the cost
function becomes

N—1 n,

sziz

p:l 1= j:l

(26)

Tpj [Upij |

where u,;; denotes the ™ component of the input vector of the
p'™ vehicle at time step i. Note that it is also possible to specify
different arrival times for each vehicle.

The fixed arrival time approach can also be used to calculate the
minimum-time path between two points. This can be done by
solving a feasibility problem corresponding to the constraints
of the MILP, while decreasing the horizon length. The short-
est time path can then be computed for the minimum horizon
length for which the mathematical program is still feasible.
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6.3 Optimality and computation time

The major difference between the fixed arrival time and the re-
ceding horizon approach is the difference in the optimization
criteria. By specifying the arrival time and accounting for the
final state in the constraints, the cost function (6) is reduced to
only contain the input variables. Therefore there is no trade-off
between input and state minimization and the computed input
sequence is thus the fuel-optimal one for that specific horizon
length and those specific weight factors, taking into account the
dynamic and collision avoidance constraints. When using a re-
ceding horizon (RH), however, the solution is locally optimal
on every segment. Thus the total RH-path probably requires
more fuel than the vehicle would consume if the path was cal-
culated over the entire time range.

Consider an autonomous ground vehicle that has to manoeuvre
between a set of rectangular obstacles. The vehicle is modeled
as a simple 2-D discrete double integrator with discretization
step At = 0.1s. Figure 1 shows the trajectory for a fixed ar-
rival time 7T,,., = 8s or 80 time steps. The initial position
is (15,8); the destination is (—0.5,—5). The vehicle mostly
moves around the obstacles, which consumes the least amount
of fuel. Although the vehicle could arrive earlier, it uses the
complete time range to arrive at its destination. The velocity
and acceleration thus remain as low as possible, which corre-
sponds to the minimum fuel use.

In order to compare the different strategies the total sum FE;,;
of the absolute values of the input components is considered as
a measure for fuel consumption:

Narr

Brot = ) ([uia] + [ugyl)

=0

27)

N, is the last but one time step, corresponding to the last
input. In the fixed arrival time example Ny, = 79 and the
vehicle consumes Fy,; = 21.2 of fuel.

In Figure 2 the fixed arrival time approach is used to compute
the shortest time path between the two points as described in

Destination reached in 8 seconds

Figure 1: Fuel-optimal path of unmanned vehicle for a fixed
arrival time T}, = 8s

Destination reached in 7.3 seconds

Figure 2: Fuel-optimal shortest time path of unmanned vehicle:
Tmin =17.3s

Section 6.2. This shortest time is T}, = 7.3s. To reach the
destination within 7.3s, the vehicle now has to manoeuvre be-
tween the obstacles, requiring E,; = 34.3 of fuel.

Figure 3 shows the receding horizon path for a horizon
Thor = 3s or 30 time steps. The fuel consumption is now
E;,; = 35.7 and the vehicle reaches the destination after
Torr = 9.2s or 92 iterations. The fuel consumption is
thus 59.3% greater than in the fixed arrival time case with
Torr = 8s. As now the “distance” to the final location is in-
cluded in the cost function and is thus minimized, the vehicle
starts manoeuvring between the obstacles, which explains the
increased fuel consumption.

Destination reached in 9.2 seconds

Figure 3: Trajectory of unmanned vehicle under receding hori-
zon control with T}, = 3s

Of course, the key benefit of the receding horizon approach is
that the solution can be calculated much faster than the fixed-
time problem. This follows from the fact that the number of
variables and constraints increases polynomially with the hori-
zon length, but the worst-case solution time increases exponen-
tially [5]. The trade-off between optimality and computation
time is important for a real-time implementation of these path

Proceedings of the European Control Conference 2001

2607



planning algorithms. This is shown in Table 1, where the arrival
time Ty, the total fuel consumption E;., the total computa-
tion time 7,y and the average computation time per iteration
T’ are shown for different horizon lengths T},,,. Although the
vehicle arrives earlier, in this scenario, the fuel consumption
decreases with the horizon length. For comparison, Table 2
gives the fuel consumption Fy,; and computation time Tomp
for a fixed arrival time planning for the arrival times T},,- in Ta-
ble 1. With a fixed time approach the vehicle clearly consumes
less fuel, but the computation time increases strongly. Future
research will explore these observations in more detail.

Thor(s) Tarr(s) Etot Tcomp(s) Tz (3)
3.0 9.2 35.7 129 1.40
3.5 9.0 34.1 267 2.97
4.0 8.4 31.6 441 5.25
4.5 8.2 30.4 728 8.88
5.0 8.2 30.4 1213 14.79

Table 1: Arrival times, fuel consumption and computation
times for different horizon lengths.

Tarr (8) Etot Tcomp(s)
9.2 17.4 613
9.0 17.8 442
8.4 19.2 193
8.2 20.0 189

8 21.2 162

Table 2: Arrival times, fuel consumption and computation
times for fixed arrival time planning

6.4 Safety

Although the solution to the MILP yields a collision free path,
in a receding horizon setting this still does not guarantee that no
collisions will occur. Indeed, in a RH-setting a single vehicle
or a set of vehicles can be led to a critical situation for which
the MILP becomes unfeasible in the next iteration. This can
happen if a vehicle has moved too close to an obstacle or if
multiple vehicles have moved too close to each other. If the
remaining distance is too short to stop or to avoid the obstacle
or other vehicles, a collision will occur. Such critical situations
typically occur when the horizon is too short to “spot” obstacles
or other vehicles in time.

One thus has to guarantee that a vehicle can always stop rel-
ative to the surrounding environment or has enough time to
carry out a collision avoidance manoeuvre. More generally,
one needs policies that guarantee a priori that no inter-vehicle
collisions nor collision with obstacles will occur. Thus strate-
gies are needed in which a vehicle can always return to a safe
state whenever it faces a critical situation. However, general
“safe” guidance policies are not readily available, which is a
topic of further research.

7 Conclusion

This paper presented a new approach to trajectory planning
of multiple vehicles that directly incorporates collision avoid-
ance as mixed integer/linear constraints. A mathematical pro-
gramming formulation has been proposed including binary
constraints for stationary and moving obstacle avoidance and
multi-vehicle path planning. Several strategies with corre-
sponding trade-offs were discussed and examples were given
to show the potential of our approach. It was shown that reced-
ing horizon strategies, while computationally more attractive
than strategies aimed at computing complete trajectories a pri-
ori, can lead the system to unsafe conditions. Future work will
therefore concentrate on procedures ensuring that a single vehi-
cle or a set of vehicles can always return to a “safe” state from
wherever it stands.
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