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Abstract In this paper, we present a framework that applies
multiple groups of autonomous snowplow robots for efficiently removing the snow from airfields. The main idea is to
form temporary coalitions of vehicles, whose size depends
on the width of the roads to clean. The robots of a coalition
then arrange in formation and accomplish assigned sweeping
tasks. In the paper the problem of snow shoveling is divided
into the subproblems of task allocation and motion coordination. For the task allocation we propose a multi-agent
method designed for the dynamic environment of airports.
The motion coordination part focuses on generating trajectories for the vehicle formations based on the output of the
task allocation module. Furthermore a specific feedback controller is introduced that achieves optimal breadthwise road
coverage even in sharp turns. All components as well as the
complete system have been verified in various simulations.
Additionally the motion coordination approach was tested in
laboratory hardware experiments.
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1 Introduction
During the winter months snowy weather has a huge influence on an airport’s usual workflow. The air traffic needs to
be interrupted from time to time in order to sweep away the
snow from the airfield. This is crucial since snow is a potential
risk for starting and landing aircrafts. Today the tracks of an
airport are usually freed from snow by utilizing a fleet of
human driven snowplows. Recent technological advances in
the field of mobile robotics enable to set up a multi-vehicle
system consisting of groups of autonomous snowplows for
this task. By arranging the vehicles in formations and applying coordinated task allocation such a system could significantly reduce the time of interrupted airport traffic. Related
sweeping approaches lack robustness or rely on simplifications of the problem that make them unusable for the airport
sweeping problem (cf. e.g. [18,20,26,33]).
In the framework presented in this paper we utilize
formations of autonomous car-like robots. The majority of
approaches for formation control can be classified into three
main branches: virtual structures, behavioral techniques, and
leader-following methods. In the virtual structure approaches
the entire formation is treated as a single rigid structure
where each vehicle applies a certain control in order to track
the desired trajectory and simultaneously maintain the rigid
structure [7,21]. In behavior based methods (cf. e.g. [5,23])
each agent follows multiple objectives (behaviors) and the
actual control is derived as a weighted average, where the
weights are assigned with respect to the importance of each
task [22,28]. In leader-following approaches, one or more
possibly virtual robots are designated as leaders. The follower
robots try to maintain their position in the formation relative
to the leader vehicles. For this the leaders’ configuration is
transmitted to the followers via wireless communication or
it may be obtained by means of active sensing [9,16].
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From an application point of view the addressed snow
shoveling task is related to the field of autonomous sweeping. Its aim is to find and execute a motion for the robots in
order to cover a predefined area by their effector.1 For cooperative sweeping it is often desired to coordinate the vehicles
in a time-optimal way.
Kurabayashi et al. addressed the problem of cooperative
sweeping by generating a path for a single robot, which is
then segmented and distributed among the vehicles [20]. The
same group extended the approach with the robot’s ability to
relocate movable obstacles in [4,19]. In contrast to this, Wagner et al. proposed an ant-like strategy for the cooperative
cleaning of an unknown non-convex grid-map region [33].
The homogeneous robots with a limited amount of memory follow only local rules, what makes the method fully
decentralized. Another decentralized approach using an online negotiation mechanism to resolve the task sharing was
proposed in [27]. For this market-based strategy the authors
assume that all-to-all communication is available. In [18] the
authors use a partitioning algorithm that divides the area to
clean into a finite number of polygons. These are then allocated among the robots in a decentralized fashion. Both, the
determination of the subareas and their assignment are done
during the cleaning. Luo et al. developed a real-time method
based on biologically inspired neural networks where each
robot treats the other robots as moving obstacles [25,26]. The
sweeping of dynamic materials is investigated in [3]. Here
it is assumed, that the material to clean spreads within the
grid-based map. In [2] the authors propose a decomposition
of the sweeping task by partitioning the area that is supposed
to be cleaned. The approach is characterized by its focus on
realizability, which is demonstrated in an experiment with
real robots.
Projecting the problem of cooperative sweeping onto the
airfield, the snow shoveling task generates some problems
that have not yet been addressed in that context. The approach
described in the following considers the nonholonomic kinematics of usual snowplows as well as position and orientation of the plows’ shovels. Furthermore, the working space
is more structured due to the airfield environment. Another
problem lies in the fact that all methods mentioned above
lack the ability to react on sudden changes in the environment, which is important for robust and safe execution of the
sweeping process.
The first problem to solve now is to assign a task to each
snowplow about when to clean which parts of the airfield.
Since partly cleaned road segments could be dangerous especially in emergency situations, we require that the main runways as well as the auxiliary roads are cleaned up at once by
a sufficiently big group of vehicles. Thus, we avoid forcing
landing planes as well as rescue and fire fighting vehicles
1

In our case these are the snowplows’ shovels.
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facing roads with a irregular snow surface. The utilized task
allocation method applies simple heuristics and an algorithm
for systematically exploring a part of the tree of solutions.
This strategy provides fast responses at the expense of possibly missing optimality. Therefore it allows the task list to be
computed online and to be adjusted on the fly e.g. in order to
react on unforeseen events.
The second subproblem is how to translate the instructions
from the task list into commands for the low level control
of the vehicles. For this we utilize a method that constructs
traceable trajectories for the reference points (leaders) of the
snowplow formations. To track these trajectories with the formations we apply a leader following approach that maintains
the arrangement of the group in curvilinear coordinates. On
the lowest level of control each robot implements a feedback
controller that tracks its individual desired trajectory with the
mounting point of its shovel resulting in optimal breadthwise
coverage of the road.
The developed methods have been intensively tested in
various simulations as well as in laboratory hardware experiments. Frankfurt international airport, which is one of the
largest airports in Europe was chosen as a testing scenario
for the proposed task allocation algorithm. But since the approach does not rely on a specific airport structure, it can
easily be applied to other airports as well.
The remainder of this paper is organized as follows.
Section 2 gives an overview of the overall snow shoveling
system. In Sect. 3 we describe the design of our task allocation approach. After this, we introduce suitable motion
coordination techniques for the vehicle formations in Sect. 4.
Results from the hardware experiments and simulations are
presented in Sect. 5. Finally we give some concluding
remarks in Sect. 6.

2 System overview
In this section we describe the system structure of our approach. We decided to rely on central supervision for the
high level coordination of the system. The main reason for
this is safety, since a central command center has a complete
overview of the whole system. The single point of failure
problem, which arises from a single command center, can be
solved by one or two redundant command center units that
take over in case of a failure. Another reason for the centralized approach is that the workspace of the robots is well
known in size and structure. Therefore the scalability provided by a decentralized approach with agents exchanging
parts of the map etc. is not necessary. Another drawback of
a decentralized system would be the additional time needed
for the sweeping process, since the task allocation has to rely
on less information.
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The highest level of the proposed scheme (see Fig. 1) is
divided into two types of units. The first one, which we call
the Command Center, is responsible for the central tasks.
The second kind of unit (blocks denoted as Formation I to
Formation M) represents the current constellation of vehicles
where each unit corresponds to one formation. These units,
which are independent from the Command Center most of
the time, primarily are responsible for putting the assigned
task into the appropriate formation motion.
The core of the Command Center is the Task Allocation
module that utilizes two data structures: MAP and GRAPH.
The MAP-structure consists of the vector-based representation of the borders of the area that needs to be cleaned. Further it contains information about known obstacles as well as
the coordinates utilized to construct the reference trajectories
for the snowplow formations. The GRAPH data structure is
prepared off-line from the MAP by assigning nodes for every
intersection and edges for every road in between. Furthermore, we assign two numbers to the edges of the graph: the
first is an integer value equal to the number of plows needed
for the sweeping of the corresponding road and the second
number is equal to the road’s length, which is assumed to
be proportional to the necessary cleaning time. These values
are used by the Task Allocation module in order to generate
a reasonable output. Additionally we assign a flag to each
edge that marks the already cleaned roads. In contrast to the
static MAP, the GRAPH structure can be adjusted by a human
operator who might close and reopen specific road segments
according to the current airport traffic. Also plows that detect
an obstacle on the airfield are meant to update the GRAPH
structure. For the experiments described in this paper both
structures were created manually. Nevertheless it should also
be possible to generate them automatically by applying image

processing techniques to an aerial photograph or a blueprint
of the airfield.
The current GRAPH structure is used as an input for the
Task Allocation module that will be described in detail in
Sect. 3. An execution step of the Task Allocation module
is triggered by snowplows that just accomplished (or failed)
their current task, so they are waiting for new instructions.
Besides the GRAPH, the module maintains actual plans of
all coalitions as well as a priority setting for each road, which
depends on the airport traffic as well as on the snowing intensity. Note that the priority setting is not investigated in detail
in this article but further information on this topic can be
found in [30].
In the Formation units the Leader robot is responsible for
generating a reference trajectory at the beginning of each
task. This is done with the information received from the
Task Allocation module and the appropriate coordinates from
the MAP structure. The Leader robot is just one designated
robot in the formation, usually the one in front of the unit.
Besides the snow shoveling the Leader acts as a connection
between the robots of its formation and the Command Center. It informs the Command Center about detected obstacles,
finished or aborted tasks, as well as the need for additional
robots to compensate for failures. Note that the Leader robot
is not meant to be the reference point in terms of the formation movement, in which it acts like the other robots of the
group. The individual control inputs in order to follow the
reference trajectory while maintaining the formation are calculated separately by each follower, where the Leader robot
provides a signal for synchronization. As a result the Formation units are independent from the Command Center most
of the time. Further details about the motion coordination
will be presented in Sect. 4.

Fig. 1 Scheme of the complete
snow shoveling system. The
arrows denote communication
links between the different
modules
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3 Task allocation

3.2 Heuristics

The highest reasoning level in the system is an algorithm
for designing a sequence of cleaning tasks for the autonomous snowplows. The task allocation approach developed for
the specific application of autonomous multi-vehicle snow
shoveling is based on forming temporary coalitions of plows
for each specific task. The decision of which route will be
cleaned by which robots is based on a heuristic approach
combined with a partly explored tree of solutions. There is
no guarantee that this method finds the global optimal solution, but the fact that the decisions are made immediately
allows the robots to respond to sudden changes in the environment. In the remainder of this section we give a short
overview of related work before we describe the basic ideas
of the proposed task allocation approach (cf. also [30]).

In our method we use a multi-agent approach to describe the
behavior of the plows. In the Task Allocation module each
Formation unit is considered to be one object (agent) with
an assigned task. When a cleaning task is finished, the same
agent can only be used for another road, if the number of
plows is still sufficient. If a bigger group is needed for the
new task, the agent has to ask the remaining robots for help.
In contrast, if the next road to clean is narrower, the redundant
plows will be offered to the other agents.
Now to decide which road should be swept by which agent
is the crucial part of this approach. In the first step, a sorted
list L t is generated that consists of all uncleaned roads (tasks)
ordered by the distance from the current mean position of the
idling plows to the intersection where sweeping of the corresponding road would be started. In the second step, free
robots are allocated to the most prioritized roads. For this
we choose the first N roads from L t , where N is the biggest
integer satisfying

3.1 Related work
According to the commonly used taxonomy of task allocation
in multi-robot systems published in [13] the problem mentioned above is ST-MR-TA: Single-Task robots, Multi-Robot
tasks, Time-extended Assignment. ST means that each robot
is capable of executing one task at a time, MR means that
tasks require multiple robots and TA means that information
for future planning is available. This class of tasks includes
coalition formation and scheduling and it belongs to the class
of N P-hard problems (cf. [12]). An example for cooperative
coalition formation can be found in [1] where an underlying
organization is used to guide the formation process. Moreover a reinforcement learning technique is applied to increase
the quality of local decisions as agents gain more experience.
A local learning strategy for improving the aggregate performance of sensor network agents also has been used in [8].
Another approach designed for reconnaissance scenarios,
where a team of scout robots observe several areas of interest, solved the task allocation problem using a market-based
strategy [34]. In the investigated scenario, each area can be
seen from a set of observation points, thus enabling a task
decomposition. In contrast to our algorithm each task does
not necessarily needs to be accomplished at once, but different observation points of the same area could be visited subsequently. More related to our work is the approach addressed
in [32], where a MT-MR-problem is investigated. The objective was to assign robot teams to certain tasks such that the
system’s overall efficiency is maximized. To achieve this,
the authors used heuristics to find approximate solutions and
adjusted them for application in box pushing, room cleaning
or sentry duty applications. One of the contributions of our
approach is the design of appropriate heuristics combined
with a partly expanded tree of solutions, which yields a local
optimal solution for our specific task allocation problem.
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N


Wi ≤ n fr .

(1)

i=1

Here, Wi denotes the number of plows needed to accomplish
the i th task in L t and n fr denotes the number of robots that
are currently free.2 After this, the free robots are assigned to
groups Fi such that




max
max timei, j
(2)
i=1,...,N

j∈Fi

is minimal, where timei, j denotes the time needed for plow j
to move from its actual position to the beginning of road i.
Because of the fact that in each task allocation step N ≥ 1
entries are removed from the nonempty list of uncleaned
roads, it is guaranteed that no road will be omitted during
the cleaning process. The list’s sorting rule, which ensures
that the idling vehicles’ mean distance to the next uncleaned
road is minimal, in general reduces the probability that plows
have to move far before they continue to sweep.
The solution of this method is optimal with respect to the
used information, but from a global point of view it may
be suboptimal as it was shown in [30]. An improvement of
the method can be achieved by selecting the most promising
solution within a certain set as it will be described in Sect. 3.3.
3.3 Exploring the space of solutions
At first we generate all possible sets of tasks that satisfy
inequality (1). After this the sets are put in a list L s ordered
2

Free robots are plows that just finished its task or redundant robots
offered by other agents.
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(a)

(b)
Fig. 2 Shoveling scenario containing four nodes, two bigger roads
requiring two plows (a, e), and three auxiliary roads

by the sum of the tasks’ indexes in the sorted list L t . For elements with an identical sum of indexes the lowest index in the
set is decisive. Note that for the planning only the first bt sets
from L s will be used, where the number bt is an input of the
algorithm that depends on the available computation power.
If the number of elements of L s is less than bt all sets from L s
will be used. To illustrate this with an example we assume that
each task from a list L t = (A1 , B2 , C3 , D4 ) requires exactly
one plow (the subscript corresponds to the task’s index within
the sorted list L t ). Further we assume that there are just two
plows available for sweeping right now. As a result we receive
L s = (AB3 , AC4 , AD5 , BC5 , B D6 , C D7 ). It is obvious that
in general the whole tree cannot be explored, but due to the
heuristics described in Sect. 3.2 this is not necessary, since
the most promising solutions will be preferred.
In the second step of the extended task allocation one set
of tasks has to be chosen from the first bt elements of L s .
Therefore we designed a decision-making process that is
based on partial exploration of the tree of possible solutions.
To explain the idea of the method we look at the scenario
depicted in Fig. 2, where the steps of exploring the tree of
solutions is shown in Fig. 3. For this example we assume to
have two robots, bt = 3, and dt = 2, which corresponds
to the depth of explored sub-trees. Like bt , the value of dt
should be chosen with respect to the available computational
power.
The tree depicted in Fig. 3a reflects the beginning of the
decision-making process. Both plows are located at the initial node 1 and the lists for the decision process are L t =
(a1 , b2 , c3 , d4 , e5 ) and L s = (a1 , bc5 , e5 , bd6 , cd7 ) respectively. The initial state is expanded and the following dt levels
are explored. In the lowest level of the sub-tree a state with
the shortest wasted time3 (34) is chosen. If there are multiple
states with equally wasted time, one of them is randomly
chosen. Now the snowplows can continue to the next state
towards the one with the lowest wasted time. Once the next
state (22) is reached, the planning process is restarted from
3

Wasted time is defined as the time lost by plows moving without
sweeping or by waiting for additional vehicles.

(c)

Fig. 3 Stepwise partial exploration of the tree of solutions. The actual
state of the plows is marked by a dashed circle and the evaluated states
are encircled with a solid line. The state with the shortest wasted time
in the lowest level is marked by a dotted circle. The subscript numbers
denote the summed amount of wasted time. a step 1, b step 2, c step 3

the new state as depicted in Fig. 3b. In the third level of the
new sub-tree (fourth level of the tree), state 44 is selected. In
the third decision step (cf. Fig. 3c) the sub-tree’s root is at
node 33 and the selected node with the shortest wasted time
is 41, which completes the sweeping of the whole field. The
final schedules for the robots R1 = (1 − 2 − 1 − 3 − 4)
and R2 = (1 − 2 − 3 − 4 − 1) have been obtained by evaluation of 15 states. To explore the whole tree of this small
scenario more than 1000 states would have to be evaluated.
Since in each step of the algorithm there is at least one road
that will be cleaned, an upper bound for the states that have
to be evaluated is given by
n = E · btdt ,

(3)

where E denotes the number of roads.

4 Motion coordination
In our framework we divide the motion coordination problem
into the sub-problems of trajectory generation and formation driving. As described before, the Leader of a Formation
unit receives a sweeping task from the central Task Allocation module. Combined with the coordinates from the MAP
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structure it will construct a reference trajectory for its formation that will be transmitted to all robots of the group. With
this information and the specific formation parameters, each
robot computes an individual desired trajectory that will be
tracked by means of a local controller resulting in a collective
motion.
4.1 Trajectory generation
To be able to move the snowplows towards the points of interest we have to construct a path that connects the points in the
correct order. Additionally it should be placed such that the
sweeping plows create a clean track as wide as possible. A
simple example is shown in Fig. 4, where the solid gray path
refers to the line segment path connecting the points P1 with
P2 and P2 with P3 . Since this path cannot be followed by a
snowplow which is usually a vehicle with car-like kinematics the sharp edges need to be replaced by curves. Intuitively
the dashed gray path (line and curve segments) seems to be
traceable by a car-like vehicle. In the connection points however, if the car is moving, its steering angle would need to
change in an instant of time from 0 to a certain value or vice
versa. The solution is to replace the sharp edges of the solid
gray path by segments with continuous curvature (CC) [11].
In Fig. 4 such a CC-turn is depicted by the dashed black
path. Compared to the dashed gray path it also consists of
clothoid arc segments, whose curvature linearly varies. Due
to the continuous curvature profile of the CC-turn the whole
path can be followed without stopping. The final reference
path can be parameterized by its arc length s resulting in two
functions xc (s) and yc (s). To transform the path into a trajectory for the snowplow formations, a suitable speed profile
vc (s) is assigned along the path.

Fig. 5 The snowplow formations are maintained in curvilinear coordinates

4.2 Formation driving
As it was mentioned in the introduction, methods for formation driving are often based on maintaining a certain distance
and angle to a moving reference point. To achieve coordinated driving without violating the vehicles’ nonholonomic
constraint we rely on the idea to maintain the distance to the
reference point in curvilinear coordinates [6,15]. Figure 5
shows three snowplows in formation where C denotes the
reference point and pi and qi denote the horizontal and vertical distance from the ith vehicle to C respectively. pi as
well as the traveled distances of the reference point sc and of
the vehicles si are always measured along the reference path
and therefore
si = sc + pi .

(4)

Now let xc (si ) and yc (si ) denote the position of the reference
point at a traveled distance si . Then, with respect to qi the
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Fig. 4 Different paths for connecting the points P1 , P2 and P3 : Line
segments (solid gray), line and circular arc-segments (dashed gray),
line and clothoid arc segments (dashed black). The solid black path is
shifted relatively to the dashed black reference path and might act as
planned path for a vehicle of the formation

desired position for the ith snowplow can be computed as
xid (si , qi ) = xc (si ) − qi sin(θ̂i ),
yid (si , qi ) = yc (si ) + qi cos(θ̂i ),

(5)

where θ̂i is equal to the angle between a tangential vector at
[xc (si ), yc (si )]T and the x-axis. Next to the dashed black path
in Fig. 4 the solid black curve shows the computed path for
a vehicle with qi < 0. The quadratic markers on both curves
are placed on equal traveled distances measured along the
reference path.
To follow the desired trajectories a trajectory tracking
controller developed for car-like robots was implemented
on each snowplow. In [10] a time-varying controller is described that utilizes exact feedback linearization on the kinematic equations for the barycenter of the robot located at the
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(a)
Fig. 6 Topview of a car-like MERLIN robot equipped with shovel. L
and M correspond to the constants of the kinematic model (6)–(9)

center of its rear axle. The dynamic controller was intensively
tested and showed its applicability except in sharp turns (see
Fig. 7a). To increase the cleaning performance we choose
the shovel’s mounting point as the new position that should
track the desired trajectory.
Since the resulting controller has not yet been published
we will now go through the steps of its derivation. The kinematic model for one vehicle with the new reference point can
be written as
ẋ(t) = u 1 (t) cos(θ (t)) − (L + M) sin(θ (t))θ̇,

(6)

ẏ(t) = u 1 (t) sin(θ (t)) + (L + M) cos(θ (t))θ̇,

(7)

θ̇(t) = u 1 (t)

tan(φ(t))
,
L

φ̇(t) = u 2 (t),

with u 1 as auxiliary input. With (11) the second derivative of
the output is computed as
   2 tan φ
−ξ L 2 (L sin θ + (L + M) cos θ tan φ)
ẍ
=
φ
ÿ
ξ 2 tan
(L cos θ − (L + M) sin θ tan φ)
L2

  
P R
u1
+
,
(12)
Q S
u2
with
P
Q

(9)

The input u 2 does not appear and therefore the matrix weighting the inputs is singular. Like in [10] we add an integrator
with state ξ on the first input
u 1 = ξ, ξ̇ = u 1 ,

Fig. 7 Simulation of barycenter tracking (a) versus tracking with the
shovel’s mount point (b). The dots denote the paths of the cars’ barycenters, the dashed line between the cars denotes the reference path and
the solid lines denote the shovels’ position at certain time instances

(8)

where x, y are the Cartesian coordinates of the shovel’s
mount point, θ denotes the vehicle’s orientation measured
against the x-axis, φ denotes the steering angle, L is the
distance between front and rear axle and M is the distance between front axle and the shovel’s mounting point (cf. Fig. 6).
From now on dependency on time t is omitted due to readability. The two control inputs speed and angular velocity of
the steering angle are named u 1 and u 2 . According to the
tracking task we choose the system outputs as [x, y]T . Now
with u = [u 1 , u 2 ]T we can write (6) and (7) as
  
 

ẋ
− sin θ (L + M)θ̇
cos θ 0
=
+
u.
(10)
ẏ
cos θ (L + M)θ̇
sin θ 0

(11)

(b)

R
S



M
= cos θ − 1 +
sin θ tan φ,
L


M
= sin θ + 1 +
cos θ tan φ,
L


M sin θ
,
= −ξ 1 +
L cos2 φ


M cos θ
.
= ξ 1+
L cos2 φ

Assuming ξ = 0, which makes the matrix weighting the
inputs nonsingular, we set [ẍ, ÿ]T = [r1 , r2 ]T . Then solving
Eq. (12) for the input vector [u 1 , u 2 ]T yields the following
nonlinear dynamic feedback controller
u 1 = ξ,
u 2 = cos2 φ 4L 3 (r2 cos θ − r1 sin θ )


−4 ξ 2 (L + M)2 / cos2 φ − M(2L + M)
+L 2 (L + M)(r1 cos θ + r2 sin θ ) tan φ


/ 4ξ L 2 (L + M) ,
ξ̇ = r1 cosθ + r2 sin θ +

(L + M)ξ 2 tan2 φ
.
L2

(13)
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The linearization process transformed the original system
into two double integrators
ẍ = r1 ,

ÿ = r2 .

Now the decoupled linear system can be stabilized with linear
feedback of the form
r1 = ẍ d + K v,1 (ẋ d − ẋ) + K p,1 (x d − x),
r2 = ÿ d + K v,2 ( ẏ d − ẏ) + K p,2 (y d − x),
with the feedback gains such that the polynomials
λ2 + K v,i λ + K p,i , i = 1, 2
are Hurwitz. As can be seen in Fig. 7b, the resulting controller handles sharp turns in a much more efficient way than the
original one. Note that for those controllers to work properly an accurate positioning system is required that provides
feedback of the position, speed and acceleration errors. But
since the site to clean is not changing, a reliable positioning
system (e.g. DGPS, landmarks) can be installed in situ for
feedback purposes.
The task allocation algorithm that has been described in
Sect. 3 might command vehicles to move into the direction
they just came from. This can be due to a blocked road or simply because it is the most efficient route towards the upcoming
task. Because of the limited steering angle of car-like robots,
turning the vehicle around is not a trivial task. If there is
enough space at the vehicles current position we let them
turn around before heading towards the next task. If there is
too less space available, the vehicles should move backwards
towards the previous intersection they passed. This will be no
problem, because the snow has been removed recently. Once
the plows reach the intersection they can reorient in order to
proceed forward towards their currently assigned task. An
example for such a maneuver can be found in the simulation
snapshots in Sect. 5.2.

5 Experimental results
5.1 Simulation of the task allocation module
In this section we present simulation results of the developed
task allocation approach where we used the area of Frankfurt
international airport for the sweeping scenario. We divided
all roads to the three non-overlapping sets A, B and AB as
can be seen in Fig. 8. The edges of set A (B) need to be
cleaned up completely while runway A (B) is in shoveling
mode. Edges of set AB can be cleaned up with set A or B,
but together at least with one of them.
The number of vehicles needed for each road has been
derived from the roads’ width and the shovel’s width of a
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typical runway sweeper (3.6 m). Hence the minimal number
of plows needed for our approach is equal to 17, because the
biggest runway is 60 m wide.
Different values for the algorithm’s branching factor bt
and its sub-tree size dt result in different values for the total
sweeping time (cf. Table 1). It is easy to see that better solutions are found with higher values for bt and dt . The best
solution is found by setting the parameters to bt ≥ 3 and
dt ≥ 4. For bt = 3 and dt = 4 only 81 states have been
evaluated every time a new agent was created or new tasks
were distributed among existing agents. Hence a decision
was found within fractions of milliseconds. A direct comparison with existing task allocation methods is problematic, since most work in literature considers office environments and therefore a different structure of the map (cf. e.g.
[32,34]).
Snapshots from the simulation of the best found solution are depicted in Fig. 9 while an animated video of the
complete task allocation process can be found on the website [17]. Here, each plow is represented by a circle with
a unique non-changing identification number. Note that the
circular arrangement was chosen due to readability and therefore the nodes are not located at the corresponding vehicles’
real positions. The utilized diagonal shape of the actual formation structure will be discussed in Sect. 5.2. Figure 9a
shows formation I with all 17 robots that shovel the last part
of the runway in area A. As depicted in Fig. 9b the shoveling
process continues by dividing the big formation at the end of
the runway into three groups denoted by I , I I and I I I with
corresponding tasks 31 → 29, 27 → 26 and 31 → 30.
Figure 10 shows snapshots from the sweeping of the auxiliary roads where the road segment 21 → 20 is blocked by
an obstacle. When formation I I I detects the obstacle, the
group’s leader reports its coordinates to the Command Center. After the GRAPH structure has been updated, the Task
Allocation module computes and assigns a new task to the
robots of formation I I I . As can be seen in Fig. 10b formation
I I I heads back to node 21 in order to continue towards node
19 where formation I I is waiting for additional vehicles.
Meanwhile formation I has been extended with two plows
from formation I I in order to clean the wider road segment
20 → 25, which originally should have been cleaned by

Table 1 Total time needed for cleaning area A for different parameters
dt and bt
dt = 2
bt = 2

1,385

bt = 3
bt = 4
bt = 7

dt = 3

dt = 4

dt = 7

1,289

1,071

1,071

1,385

1,138

898

898

1,161

1,132

898

898

1,161

898

898

898
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Area A - runway
Area A - service roads
Area B - runway
Area B - service roads
Area AB

Fig. 8 Map of Frankfurt Airport with roads and runways partitioned into three sets

(a)

(a)

(b)
(b)

(c)

Fig. 9 Division of a big formation into three formations that start cleaning the auxiliary roads at the end of the runway A. Numbered circles in
the intersection denote the nodes of the GRAPH. All other numbered
circles correspond to one robot. Already cleaned road segments are
depicted by a solid line. a One formation of 17 snowplows sweeps the
main runway, b Formation I and formation I I I sweep road segments
31 → 29 and 31 → 30. Formation I I is going to clean 27 → 26

formation I I I . Figure 10c shows the enlarged formation I I
shoveling road segment 19 → 18 and the remainder of formation I I I is going to clean 17 → 25.
5.2 Implementation and simulation of motion coordination
In this subsection we provide some remarks concerning the
implementation of the motion coordination part. Furthermore
we present the results from a simulation of a motion coordination scenario that covers all crucial situations that might occur

Fig. 10 Snapshots from the task allocation simulation for area A of
Frankfurt airport where road segment 21 → 20 is blocked by an obstacle. a Formation I I I detected a blocked road and waits for a new task,
formation I sweeps road segment 20 → 19 and formation I I is moving
towards node 19 in order to join formation I . b Formation I sweeps
road segment 19 → 20, formation I I waits for additional robots and
formation I I I is going to support formation I I in sweeping road segments 19 → 18 and 17 → 25. c Formation I sweeps road segment
20 → 25, formation I I sweeps 19 → 18 and formation I I I is going
to clean 17 → 25

during the snow shoveling process. This includes dividing
and extending formations as well as reacting on unforeseen
obstacles.
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For the snow removal, the formation should be arranged
in such a way that the snow is transported to the side of the
roads. Since the Task Allocation module decides about the
composition of the formations, the vehicles should be applicable in every possible setup. As a natural consequence the
plows have to be homogeneous, i.e., size, speed and steering bounds, shovel orientation, etc. should be the same for
all of them. This induces a formation structure in which the
vehicles are arranged diagonal to the road’s direction during
the sweeping of a road segment (cf. Fig. 5). Specifically, if
the N vehicles of a formation are numbered from the front
to the back, we have 0 > p1 > p2 > · · · > p N where the
difference between two adjacent vehicles should be greater
than a certain safety distance. Further we have q1 = −q N ,
q2 = −q N −1 , etc. as well as q1 < q2 < · · · < q N in case
the snow is meant to be transported to the left side of the
road. As the shovel covers the path to a lesser extent during turns than on straight trajectory segments, we choose the
qi , i ∈ {1, . . . , N } in such a way that the vehicles’ shovels overlap a little even during maximal turning. This also
leaves some tolerance for temporary displacements due to
uncertainties in the localization. In case vehicles leave or
join a formation, they temporarily have to leave the static
formation structure and arrange themselves within the new
coalition. This is achieved by switching their current reference point to that of the new formation and by adjusting
their relative position coordinates pi and qi respectively as
it is demonstrated in the following simulation example (see
Fig. 11).
The initial formation whose reference point starts at position (0, 0) consists of 8 plows. On the first intersection
the group is divided into two formations in order to sweep
smaller roads. In the transition from one into two formations depicted in Fig. 11a qi , i ∈ {1, . . . , 8} is changed
from (q1 , . . . , q8 ) = (−21, −15, −9, −3, 3, 9, 15, 21) to
(q1 , . . . , q4 ) = (q5 , . . . , q8 ) = (−9, −3, 3, 9), where we
numbered the vehicles from the front to the back of the initial formation. After some time the formation heading south
faces an obstacle blocking the road. At this point the plow that
detected the obstacle informs the Command Center. As a result of the Task Allocation module’s next iteration the group
in the south receives the command to return to the northern
intersection and wait for 4 more vehicles before start sweeping the road heading eastwards. As there is not enough space
to turn around the formation, it is moved backwards until it
reaches the last intersection where an appropriate reorientation is always possible. Figure 11b shows the formation
waiting at the crossing for additional plows. At the moment
the group that cleaned the road in the north arrives, the two
formations unite to one and start sweeping the east heading road (see Fig. 11c). Further simulated scenarios like e.g.
in the environment of Frankfurt International airport can be
found in [14,29].
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(a)

(b)

(c)

Fig. 11 Snapshots from the motion coordination simulation in an artificial scenario that covers all crucial situation that might occur during
the snow shoveling process. Units are in meters

In some cases it is useful to adjust the arrangement of a
formation while its vehicles are in motion. This can be e.g.
in order to adapt to a changing environment like a road get-

Intel Serv Robotics

ting narrower, to avoid an obstacle, or to adjust the formation
structure after switching to a new group. Such deformations
are achieved by appropriate and continuous modifications of
the formation parameters pi and qi . Details on these formation adjustments as well as detailed simulation results can be
found in [15].

(a)

5.3 Hardware experiment

(b)

This section describes the snow shoveling hardware experiments that were carried out within the MERLIN-Testbed of
the University of Wuerzburg [31]. The aim of the hardware
experiments was to verify the results of the motion coordination simulations in a real environment. The MERLIN-Testbed consists of multiple homogeneous car-like robots which
are equipped with various sensors including wheel encoders,
gyroscope and ultrasonic range finders (cf. Fig. 6). Each vehicle also contains a wireless communication device to enable
inter-robot data-exchange. For the experiments the snow was
made of small pieces of polystyrene and for the shovels we
used straight bars, which were mounted transversely to the
bumper of the mobile robots. The distance between front
and rear axle of one vehicle is L = 0.3 m and the distance
between the front axle and the center of the shovel measures
M = 0.18 m. The snow shovel’s breadthwise coverage when
moving straight is approximately 0.3 m.
The experimental scenario consists of a larger road for
two vehicles and two smaller roads that can be swept by
only one plow. Since we have just three roads and two
intersections, the task allocation for this small scenario is
optimally solved in one step. Initially the vehicles relative formation parameters are chosen to be p1 = 0 m, p2 = −1.5 m,
q1 = 0.25 m and q2 = −0.25 m. We did several experimental runs with different controller gains in the scenario where
the reference path is composed of line and circle segments
as well as in the scenario where the reference path is composed of line segments and CC-turns. Figure 12 shows three
snapshots from one of the experimental runs. The two snowplows start as one formation to remove the snow from the
bigger road. After sweeping the first turn together the formation is divided into two formations with only one plow in
order to clean the smaller roads separately. At the point of
separation, we set p1 = p2 = q1 = q2 = 0 and the vehicles start tracking individual trajectories. Before the snowplows reunite the vehicle on the center road has to wait for
the other one to pass by. Otherwise the robot coming from
the outer slope would leave an amount of snow in the turnoff.4 When the vehicles unite again to one formation their p
and q-parameters are reset to its initial value and the plows
4

The remaining snow on the roads after the shoveling process results
from the simple design of the shovels.

(c)

Fig. 12 Photographic snapshots from the snow shoveling laboratory
hardware experiments. The initial experimental setup is depicted in (a),
while (b) shows a closeup of the two robots cleaning the first curve
together. Image (c) was taken after a successful run of the experiment

converge to their initial arrangement during the final turn.
After this they proceed towards the starting point on the big
road.
The localization of the robots in the experiment relies on
dead reckoning which is based on information obtained from
wheel encoders and gyroscope. As it was mentioned before
an accurate positioning system should be utilized in a real
application in order to obtain external feedback for the robots’ absolute position. But note that a global positioning
system will not significantly change the result of the experiment and the responses of the motion coordination implementation as well as of the tracking controller will be very
similar. The only difference lies in the fact that a global feedback prevents the accumulation of the global position error,
which is crucial for the safety and robustness in real world
scenarios.
The speed and the steering profile as well as the vehicles individual position error of two experimental runs are
depicted in Fig. 13. The solid curves denoted by cc1 and
cc2 refer to the run with clothoid segments while the dashed
curves denoted by circ1 and circ2 correspond to the run with
circular segments during turns. In these runs we set the feedback gains of the trajectory tracking controller to K p,i = 9.0
and K v,i = 6.0 with i ∈ {1, 2} such that the poles of the
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the oscillation of the position error during turns results from
the discretization of the continuous model, for which the phenomena could not be observed in the simulation described in
Sect. 5.2.
Due to the step in the derivatives when switching from a
line segment to a circular segment we observe short peaks in
the dashed speed and position error profiles. Further, there
is an initial overshoot in the steering angle at the beginning
of each turn. These phenomena can be reduced by choosing
less aggressive controller gains at the expense of a slower
decrease of the tracking error. Moreover, as it can be seen
in the steering profile in Fig. 13, the steering angle oscillates with an amplitude of approximately 2◦ on straight path
segments, which results from tolerance in the in the wheel
suspension of the robots.

6 Conclusion

Fig. 13 Plots from the snow shoveling hardware experiment. The figure contains plots of the speed and the steering profile as well as of
the vehicles individual position error of two experimental runs. The
solid curves denoted by cc1 and cc2 refer to the run with clothoid segments during turns while the dashed curves denoted by circ1 and circ2
correspond to the run with circular segments

closed loop system are located at −3. The speed of the reference trajectory was set to 0.4 m/s. As a compromise between
a reasonable resolution for the encoder-based speed measurement and a preferably small discretization step size, the
sampling interval was set to 105 ms.
As it can be observed in the position error plot in Fig. 13
there is a relatively large position error at the beginning of all
curves and in the profiles of robot 1 around t = 60 s after the
waiting. This comes from the fact that the reference speed
is already 0.4 m/s from the beginning and in contrast to the
kinematic model, the real robot cannot accelerate arbitrarily
fast due to its inertia. A reduction of this error without considering a dynamic model could be achieved by adapting the
speed profile of the reference trajectory. The chosen gains
are quite aggressive for bigger errors as they occur when
starting from standstill. But once this initial position error is
overcome, the controller keeps the error below 0.027 m in the
case of a smooth reference trajectory. The increase as well as

123

In this article we discussed how to efficiently remove the
snow from an airfield. For this we proposed a framework,
that applies multiple formations of autonomous snowplow
robots. The main idea of the method is to form variously
sized coalitions of snowplows depending on the width of the
roads to clean. We divided the problem into the subproblems
of task-allocation and motion coordination. For the task allocation we presented a multi-agent approach that can be used
in highly dynamic applications. It is based on heuristics combined with the partial evaluation of the space of possible solutions. To solve the motion coordination part we introduced
a trajectory planner that transforms the output of the Task
Allocation module into a trajectory for the reference point of
the corresponding Formation unit. On the lowest level each
vehicle computes its own desired trajectory based on the reference trajectory and applies a feedback controller that was
adapted for the needs of the snow shoveling task. While the
carried out simulations validate the high level coordination
that is dominated by the task allocation module, the low-level
tracking controller as well as communication and coordination within formations have also been verified in laboratory
hardware experiments.
For the next step we plan to realize the complete system in a large-scale outdoor hardware experiment in order
to demonstrate the overall system’s applicability in a real
environment. Since the localization based on dead reckoning
like it has been applied in the presented short-term indoor
hardware experiment will not be sufficient, we plan to incorporate a GPS-based tracking method like e.g. [24] into the
system.
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