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A Neural Network Approach to Complete
Coverage Path Planning

Simon X. Yang and Chaomin Luo

Abstract—Complete coverage path planning requires the robot path to
cover every part of the workspace, which is an essential issue in cleaning
robots and many other robotic applications such as vacuum robots,
painter robots, land mine detectors, lawn mowers, automated harvesters,
and window cleaners. In this paper, a novel neural network approach is
proposed for complete coverage path planning with obstacle avoidance
of cleaning robots in nonstationary environments. The dynamics of each
neuron in the topologically organized neural network is characterized by a
shunting equation derived from Hodgkin and Huxley’s (1952) membrane
equation. There are only local lateral connections among neurons. The
robot path is autonomously generated from the dynamic activity landscape
of the neural network and the previous robot location. The proposed
model algorithm is computationally simple. Simulation results show that
the proposed model is capable of planning collision-free complete coverage
robot paths.

Index Terms—Cleaning robots, complete coverage path planning, neural
dynamics, neural network, obstacle avoidance.

I. INTRODUCTION

Path planning is a fundamentally important issue in robotics. Com-
plete coverage path planning (CCPP, which is also called region filling
or area covering) of cleaning robots is a special type of path planning in
a two-dimensional (2-D) environment, which requires the robot path to
pass through every area in theworkspace. In addition to cleaning robots,
many other robotic applications also require complete coverage path
planning, e.g., vacuum robots [1], painter robots [2], autonomousunder-
water covering vehicles [3], de-mining robots [4], land mine detectors
[5], lawn mowers [6], automated harvesters [7], agricultural crop har-
vesting equipment [8], and window cleaners [9]. Autonomous cleaning
robots are particularly useful in hazardous environments. There have
been many studies on CCPP using various approaches, e.g., artificial
potential field, approximate cellular decomposition, exact cellular de-
composition, template-based model, neural networks, and fuzzy logic.

Many approaches to CCPP use artificial potential fields. Pirzadeh
and Snyder [10] proposed an indirect control strategy to deal with the
coverage and search problem, where the complete coverage is accom-
plished using an artificial potential field. The underlying strategy of
the algorithm is to discretize the workspace and the robot motion. The
robot movement is designated with four orthogonal directions—up,
down, left, and right—without considering any diagonal neighbors.
Moravec and Elfes [11] first proposed an approximate cellular decom-
position model, where the workspace is decomposed into cells with
the same size and shape. Zelinsky [12] developed another approximate
cellular decomposition approach using a grid based complete coverage
model. A distance transform algorithm is used to assign a specific
number to each grid element, which is a function of the distance to
the goal. The complete coverage is then achieved by a gradient descent
rule. The generated path may include some unexpected turns. Recently,
Gabriely and Rimon [13] proposed a spanning tree covering approach
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by subdividing the workspace into discrete cells and following a span-
ning tree of a graph induced by the cells. The robot is able to cover
every point precisely once, and travel an optimal path in a grid-like
representation in the workspace.

There are many exact cellular decomposition based approaches
to CCPP as well. The fundamental concept is to decompose the
workspace into a collection of nonoverlapping cells, and then, the
robot searches the connectivity graph that represents the adjacency
relation among cells. Thus the complete coverage can be achieved
by back and forth robot motions. Choset [14] proposed a novel
boustrophedon cellular decomposition approach by breaking down the
workspace, which allows the robot to cover each cell like “the way of
the ox.” This solution combines the advantages of cell decomposition
and template based approaches, and minimizes the number of cells
used in cell decomposition. It requires the prior knowledge of the
obstacle locations and the critical points. Acar and Choset [15] later
improved the boustrophedon cellular decomposition algorithm to en-
sure the covering task does not require any prior knowledge. Recently,
Atkar et al. [2] applied the exact cellular decomposition to complete
coverage of a closed orientable surface in three dimensions. Cao et
al. [6] proposed an approach to fill the whole region with obstacle
avoidance for a lawn mower robot using a raster scanning strategy
that is related to the sensor based boustrophedon decomposition. This
region-filling algorithm requires the boundary of obstacles and walls
in advance. Butler et al. [16] proposed a DCR (distributed coverage
of rectilinear environments) algorithm, where the robot can detect
obstacles by contact sensing in a shared, connected rectilinear envi-
ronment. Hert et al. [3] presented an online terrain-covering algorithm
for a robot moving in an unknown environment, where the robot path
can cover the entire workspace without repeating the cleaned area
multiple times. The free space is partially discretized into cells with
fixed width but with varying top and bottom. When the robot arrives
at a corner, it has to remember the environment information.

Another common method for CCPP is template based approaches.
Hofner and Schmidt [17] proposed a template based approach using
motion templates and motion mosaic, where the obstacles are modi-
fied by subgoals. This model requires a predefined map and memorizes
the templates. Thus, it is difficult to handle environmental changes.
In addition, it has difficulty identifying what area is uncovered. Thus,
there exist uncovered areas near obstacles even after more templates
such as side-shift (“SS”) template are supplemented. De Carvalho et
al. [18] proposed another template based CCPP model based on the
prior knowledge of the 2-D map of a cleaning environment.

There are some neural networks and fuzzy logic based approaches
to CCPP. Tse et al. [19] developed a backpropagation neural network
based model, which can generate a robot path through self-learning.
During the cleaning process, the robot should record the previously
generated path, the number of grid points traveled and the number of
turns. If the robot encounters a new environment, the memory map
has to be updated. Yasutomi et al. [1] also presented a learning based
CCPP approach, which can effectively avoid obstacles and walls in an
unknown environment. Due to the computational complexity for the
learning, this model has difficulty dealing with unstructured environ-
ments. Thus it is suitable for well-structured indoor environments. Fu
and Lang [20] proposed a fuzzy logic based method for CCPP, which
is able to effectively correct and reduce the robot motion direction er-
rors. When the robot sees obstacles with irregular shape, however, it ig-
nores some regions in the vicinity of obstacles as it can follow straight
lines only to skirt the obstacles. Lang and Chee [21] proposed a be-
havior model based on fuzzy logic, which has the ability to guide a
robot to clean an unstructured room environment from any starting lo-
cation. Due to the difficulty in defining suitable fuzzy rules, the gener-
ated paths are not smooth enough at turning and traversing.

Various other approaches were also proposed for CCPP. Arkin and
Hassin [22] proposed a novel approach based on covering salesman
problem (CSP), which is a variant of the famous traveling salesman
problem (TSP). CSP requires the agent to visit all points in the object
space instead of just passing over each city with a minimal travel dis-
tance. Russell [23] proposed a CCPP approach by marking the robot
path with a heat trail; then, the robot can avoid repeating previously
marked areas. Chang and Shyu [24] proposed a CCPP model by di-
viding the workspace into subregions with wires that are buried under
the ground, where the mobile robot cleans each subregion one by one.
The robot visits each regular subregion along the wires. If the environ-
ment changes, the workspace has to be redivided. Park and Lee [25]
proposed a CCPP model that consists of three components: a sweeping
algorithm, a point-to-point moving algorithm and a corner work algo-
rithm. However, the cleaning robots may overlap some areas and miss
some corner areas.

There are several studies on coverage path planning of multirobot
systems. Kurabayashi et al. [26] proposed an offline path planning al-
gorithm for multiple cleaning robots, which is suitable for covering
unstructured environments. The cleaning performance depends on the
step length of the robot movement and the shape of the cleaned area.
Thus the robot is unable to plan in real time. They also proposed a
floor cleaning path planning algorithm for cooperative sweeping with
movable obstacles [27], which is able to calculate an appropriate path
distribution so that it can generate a complete coverage path. These
approaches require the number, size and location of all the movable
obstacles [26], [27]. Rekleitis et al. [28] employed a graph-like decom-
position of space to deal with the cooperative sweeping problem. The
robots together explore the environmental information and carry out
the cooperative task, where each robot is regarded as a beacon for the
others. Wagner and Bruckstein [29] presented an approximate cellular
decomposition approach for multirobot sweeping. The dirt grid on the
floor is employed for communication among robots. Each robot com-
municates with the others by leaving traces.

In this paper, a novel neural network approach is proposed for
complete coverage path planning of a single robot andmultiple cleaning
robots, which is based on a neural network model for conventional
real-time path planning for a mobile or manipulation robot in a nonsta-
tionary and unstructured environment [30]–[33]. The state space of the
topologically organized neural network is the 2-D Cartesian workspace
of a cleaning robot. The dynamics of each neuron is characterized by a
shunting equation derived from Hodgkin and Huxley’s [34] membrane
model for a biological neural system. There are only local lateral
connections among neurons. The varying environment is represented
by the dynamic activity landscape of the neural network. For cost
efficiency in term of a shorter path and fewer turns, the real-time robot
motion is directly generated from the dynamic neural activity landscape
and the previous robot location, which is distinct from the models
for conventional robot path planning in [30]–[33]. The robot path is
autonomously plannedwithout any prior knowledge of the time-varying
environment, without explicitly searching globally over the free space,
without explicitly optimizing any global cost functions, andwithout any
learning procedures. Therefore the model algorithm is computationally
simple. The proposed model is capable of planning real-time complete
coverage paths with obstacle avoidance in an unstructured indoor
environment. The term “real-time” is in the sense that the coverage path
planer responds immediately to the dynamic environment including
the robot, targets (unclean areas) and obstacles. To the best of our
knowledge, it is the first time that a nonlearning based neural network
approach is developed for real-time complete coverage path planning.

The paper is organized as follows. In Section II, the proposed neural
network approach to real-time CCPP is presented. The simulation
studies of the proposed approach are presented in Section III, where
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a cleaning robot is in a typical template situation, in a dynamic
environment, in an unstructured environment, and in cooperative
sweeping with other robots. Finally, some concluding remarks are
summarized in Section IV.

II. PROPOSED MODEL

In this section, the originality of the proposed neural network ap-
proach to CCPP is briefly introduced. Then, the model algorithm of
the proposed approach is presented.

A. Originality

In 1952, Hodgkin and Huxley [34] proposed a computational model
for a patch of membrane in a biological neural system using electrical
circuit elements. In this model, the dynamics of the voltage across the
membrane Vm is described using a state equation technique as

Cm
dVm

dt
= �(Ep+Vm)gp+(ENa�Vm)gNa�(EK+Vm)gK (1)

where Cm is the membrane capacitance, and EK , ENa, and Ep are
the Nernst potentials (saturation potentials) for potassium ions, sodium
ions, and passive leak current in the membrane, respectively. Parame-
ters gK , gNa, and gp represent the conductances of potassium, sodium,
and passive channels, respectively. This model provided the foundation
of the shunting model and led to many model variations and applica-
tions [31], [33], [35].

By setting Cm = 1 and substituting xi = Ep + Vm, A = gp,
B = ENa + Ep, D = Ek � Ep, Sei = gNa and Sii = gK in (1), a
shunting equation is obtained as [35]

dxi

dt
= �Axi + (B � xi)S

e
i (t)� (D + xi)S

i
i(t) (2)

where xi is the neural activity (membrane potential) of the ith neuron.
Parameters A, B, and D are non-negative constants representing the
passive decay rate and the upper and lower bounds of the neural activity,
respectively. Variables Sei and Sii are the excitatory and inhibitory in-
puts to the neuron. This shunting model was first proposed by Gross-
berg to understand the real-time adaptive behavior of individuals to
complex and dynamic environmental contingencies and has many ap-
plications such as visual perception and sensory motor control [31],
[33], [35].

B. Model Algorithm

The fundamental concept of the proposed model is to develop a
neural network architecture, whose dynamic neural activity landscape
represents the dynamically varying environment. By properly defining
the external inputs from the varying environment and the internal neural
connections, the neural activities of the unclean areas and obstacles
are guaranteed to stay at the peak and the valley of the activity land-
scape of the neural network, respectively. The unclean areas globally
attract the robot in the entire state space through neural activity propa-
gation, whereas the obstacles have only local effect to avoid collisions.
The real-time collision-free robot motion is planned based on the dy-
namic activity landscape of the neural network and the previous robot
location, such that all areas will be cleaned and the robot will travel a
smooth path with fewer turns.

The 2-D Cartesianworkspace in the proposed approach is discretized
into squares as in most other CCPP models. The diagonal length of each
discrete area is equal to the robot sweeping radius that is the size of the
robot effector or footprint. Thus sweeping an area can be achieved by
traversing the center of that area represented by a discrete point. Once
the robot visits a discrete point, it is assumed that the robot has covered
(and cleaned) the discrete area of that point. If a cleaning robot covers

every discrete point in a workspace, the robot path is then considered
as a complete coverage path in the workspace.

The proposed neural network model is expressed topologically in a
discretized workspace W of a cleaning robot. The location of the ith
neuron in the state space S of the neural network, which is denoted by a
vector qi 2 R2, uniquely represents an area (a robot location) inW . In
the proposed model, the excitatory input results from the unclean areas
and the lateral neural connections, whereas the inhibitory input results
from the obstacles only. Each neuron has local lateral connections to
its neighboring neurons that constitute a subsetRi in S . The subsetRi

is called the receptive field of the ith neuron in neurophysiology. The
neuron responds only to the stimuluswithin its receptive field. Thus, the
dynamics of the ith neuron in the neural network can be characterized
by a shunting equation as

dxi

dt
=�Axi+(B�xi) [Ii]

++

k

j=1

wij [xj ]
+ �(D+xi)[Ii]

� (3)

where k is the number of neural connections of the ith neuron to its
neighboring neurons within the receptive field Ri. The external input
Ii to the ith neuron is defined as

Ii =

E; if it is an unclean area
�E; if it is an obstacle area
0; otherwise

(4)

where E � B is a very large positive constant. The terms [Ii]+ +
n

j=1
wij [xj ]

+ and [Ii]
� are the excitatory and inhibitory inputs Sei

and Sii in (2), respectively. Function [a]+ is a linear-above-threshold
function defined as [a]+ = maxfa; 0g, and the nonlinear function
[a]� is defined as [a]� = maxf�a; 0g. The connection weight wij
between the ith and jth neurons can be defined as

wij � f (jqi � qj j) (5)

where jqi � qj j represents the Euclidean distance between vectors qi
and qj in the state space, and f(a) can be any monotonically decreasing
function, such as a function defined as

f(a) =
�

a
; if 0 < a < r0

0; if a � r0
(6)

where � and r0 are positive constants. Therefore each neuron has only
local lateral connections in a small region (0, r0). It is obvious that the
weight wij is symmetric, i.e., wij = wji. Note that the neural con-
nection weights that satisfy the fundamental concept of the proposed
approach are predefined in (5) and (6) at the neural network design
stage. Thus, neither online nor offline learning procedures are needed
to obtain a proper connection weights among neurons. A schematic di-
agram of the neural network is shown in Fig. 1, where r0 is chosen as
r0 = 2. The receptive field of the ith neuron is represented by a circle
with a radius of r0. Thus, it has lateral connections only to its 8 neigh-
boring neurons within its receptive field.

Because there are only excitatory neural connections in (3), the pro-
posed neural network characterized by (3) guarantees that the positive
neural activity can propagate to the entire state space, but the negative
activity stays locally only. Therefore, the unclean areas globally attract
the robot, whereas the obstacle areas just locally push the robot away to
avoid collisions. The locations of the unclean areas, cleaned areas and
obstacle areas may vary with time, e.g., there are moving obstacles;
unclean areas become cleaned areas; or the cleaned areas become un-
clean again. The activity landscape of the neural network dynamically
changes due to the varying external inputs from the changing environ-
ment and the internal activity propagation among neurons. For energy
and time efficiency, the robot should travel a shorter path (with fewer
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Fig. 1. Schematic diagram of the proposed neural network for complete
coverage path planning.

areas visited more than once) and make fewer turns of moving direc-
tion. Distinct from the models for conventional robot path planning in
[30]–[33], where the robot path is generated from the neural activity
landscape alone, in the proposed CCPP model, the robot path is gener-
ated from both the dynamic activity landscape and the previous robot
location to achieve fewer changes in navigation direction. For a given
current robot location in the state space S (i.e., an area in workspace
W) denoted by pc, the next robot location pn (also called “command
location”) is obtained by

pn ( xp = maxfxj + cyj ; j = 1; 2; � � � ; kg (7)

where c is a positive constant, and k is the number of neighboring neu-
rons of the pcth neuron, i.e., all the possible next locations of the current
location pc. Variable xj is the neural activity of the jth neuron, and yj

is a monotonically increasing function of the difference between the
current and next robot moving directions. Variable yj can be defined
as a function of the previous location pp, the current location pc, and
the possible next location pj , e.g., a function defined as

yj = 1�
��j

�
(8)

where ��j 2 [0; �] is the absolute angle change between the current
and next moving directions, e.g., if the robot goes straight, ��j = 0;
if it goes backward, ��j = �. Thus, ��j can be given as ��j =
j�j��cj = jatan2(yp �yp ; xp �xp )�atan2(yp �yp ; xp �xp )j.
After the robot reaches its next location, the next location becomes a
new current location. The current robot location adaptively changes
according to the varying environment.

The dynamic activity landscape of the topologically organized
neural network is used to determine the next robot location. The
robot movement is also determined by the robot speed when the next
location is available from the current activity landscape. However,
when the next location is not immediately available, e.g., in a deadlock
situation, the robot has to wait until the next location toward the targets
is available from the neural activity landscape. Whenever the neural
activity at the current robot location is smaller than the largest neural
activity of its neighboring locations, the robot starts to move to its next
location. Thus, the robot movement is determined by both the robot
speed and the neural activity landscape. In a dynamic environment,
the neural activity landscape will never reach a steady state as in a
static environment. The moving speed of a cleaning robot can be
assumed to be slow because of its cleaning task. In a fast changing
environment, e.g., where obstacles suddenly appear in front of the
robot, the neural activities at those locations will immediately reduce
to a very large negative value due to their very large inhibitory input.
Thus, the robot should be able to avoid those suddenly appearing
obstacles. In the proposed model, due to the very large external input
constant E, the unclean areas and the obstacle areas keep staying at
the peak and the valley of the activity landscape of the neural network,

Fig. 2. Complete coverage path planning in a side-shift template situation.
(a) Robot path. (b) Activity landscape when the robot arrives at Location P.
(c) Activity landscape when the robot starts to escape from P. (d) Activity land-
scape after the robot arrives at Q.

respectively. The robot keeps moving toward an unclean area with
obstacle avoidance until the designated objective is achieved or it is
forced to stop by a human operator.

The proposed neural network model shares some common ideas with
the standard artificial potential field and standard distance transform
path planning techniques: a topologically organized discrete map is
used to represent the workspace; each location uses a number to repre-
sent its environmental information; the target locations have the largest
value; and the robot moves from a location with a smaller value to
that with a larger value. However, there are important differences be-
tween the proposed model and the artificial potential field or distance
transform based model. In a potential based approach, the potential at
each location is calculated based on all the locations of the targets (un-
clean areas) and the obstacle locations throughout the entire workspace
[36]. Thus, the locations in a potential based approach are globally con-
nected, and the potential at each location is an explicit function of all
the target and obstacle locations in the entire workspace. Once there is
any change in the locations of targets and/or obstacles, all the potentials
have to be recalculated to reflect the change. Thus it is more suitable for
static environments and has difficulty dealing with fast changing envi-
ronments. In addition, the standard potential based approaches may be
trapped in deadlock situations, e.g., in the situation of Fig. 2, where the
potential at Location P is larger than those at its neighboring locations.
In the proposed model, each neuron has only local connections to its
neighboring neurons and its input is only from its neighboring neurons,
instead of all the target and obstacle locations in the entire workspace.
Thus, it has potential VLSI implementation for parallel computation.
Any changes in the environment directly result in the changes in the
external inputs at those locations. The activity landscape of the neural
network is automatically changing due to the neural activity propaga-
tion. Thus, it can deal with arbitrarily changing environments, and will
not be trapped in any deadlock situations if a solution exists.

When the robot arrives in a deadlock situation, i.e., all the neigh-
boring locations are either obstacles or cleaned locations [e.g., Loca-
tion P in Fig. 2(a)], all the neural activities of its neighboring locations
are not larger than the activity at the current location P [see Fig. 2(b)],
because its neighboring locations receive either negative external input
(obstacles) or no external input (cleaned locations), and all the cleaned
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neighboring locations passed a longer decay time as they were cleaned
earlier than Location P. Thus, for a pure artificial potential field-based
approach, the robot is unable to move away from such a deadlock situa-
tion. In the proposed model, the neural activity at the deadlock location
P will quickly decay to zero due to the passive decay term�Axi in (3).
Meanwhile, due to the lateral excitatory connections among neurons,
the positive neural activity from the unclean locations in the workspace
will propagate toward the current robot location through neural activity
propagation [see Fig. 2(c)]. Thus, the robot is able to find a smooth path
from the current deadlock location directly to an unclean location, just
in the same way as the conventional path planning from a start point to
a target point [30], [33]. The robot continues its cleaning task until all
the areas in the workspace become cleaned. Thus, the proposed model
is capable of achieving complete coverage path planning.

The proposed neural network approach can be easily applied to a
multirobot system. In some cleaning applications, the space needs to
be cleaned in a limited short period. Thus, it requires multiple robots
to share the cleaning task without any collisions. Thus, in cooperative
sweeping of multiple cleaning robots, each robot must treat all the other
robots as moving obstacles, which can be easily handled by the pro-
posed approach.

The proposed neural network is a stable system. The neural activity
xi is bounded in the finite interval [�D, B]. In addition, the stability
and convergence of the proposed shunting neural network model can
also be rigorously proved using a Lyapunov stability theory (for details,
see [33]).

III. SIMULATION STUDIES

The proposed neural network approach is capable of planning com-
plete coverage paths for cleaning robots, autonomously without any
human intervention. In this section, the proposed approach is first ap-
plied to a typical side-shift template situation that is commonly used in
most template based models. Then, CCPP in a dynamic environment
with sudden changes is studied. After that, this model is applied to a
cleaning robot in an unstructured environment. Finally, CCPP of coop-
erative sweeping by a multirobot system is presented.

A. CCPP in a Side-Shift Template Situation

In template-based approaches such as [17], several templates are pre-
defined, and their solutions are predeveloped. The cleaning robot has to
match various situations to those limited templates, but may not be able
to find a suitable solution when the actual situation does not match any
predefined templates. In the proposed neural network model, no tem-
plates are needed. The proposed model is applied to a famous template
situation, side-shift template shown in Fig. 2(a), where the robot has
cleaned all the left areas and arrives at Location P. This is normally
called a deadlock situation, where all the neighboring areas of Loca-
tion P are either cleaned areas or obstacles; at Location P, the left and
behind areas have been cleaned, and the front and right areas are ob-
stacles. Thus the neural activities at its neighboring areas are not larger
than the neural activity at P [see Fig. 2(b)]. That is why pure artificial
potential based approaches cannot deal with deadlock situations. To re-
solve such a deadlock problem, the robot should be able to move back
passing some cleaned areas in order to reach the unclean areas on the
right side. In the proposed model, because of the neural activity prop-
agation among neurons, the unclean areas are able to attract the robot,
which is in the same way as the conventional path planning [30]–[33].

In the simulation, the neural network has 14 � 14 topologically or-
ganized neurons, where all the neural activities are initialized to zero.
The model parameters are set as A = 20, B = 1, and D = 1 for the
shunting equation; � = 0:7 and r0 = 2 for the lateral connections; and
E = 50 for the external inputs. The robot starts to sweep from the left
side [see Fig. 2(a)]. When the robot arrives at Location P, the activity

Fig. 3. Complete coverage path planning in a dynamic environment with
obstacles suddenly appeared in front of the robot. (a) Robot path right after the
L-shaped obstacles are placed. (b) Whole collision-free robot path. (c) Activity
landscape right after the L-shaped obstacles appear. (d) Activity landscape
when the robot arrives at Location (16,26).

landscape of the neural network is shown in Fig. 2(b). It shows that
the unclean areas have the largest neural activity due to their very large
external excitatory inputs; the obstacle areas have the smallest neural
activity due to their very large inhibitory inputs; the neural activities at
the cleaned areas are decreasing to zero due to the passive decay term
in the shunting equation in (3). It is obvious that when the robot arrives
at P, the neural activity at P is larger than all the activities at its neigh-
boring locations. Thus, the robot cannot move away from P at this time.
Because of the passive decay term in (3), the neural activity at P decays
to zero exponentially. Meanwhile, because of the neural activity prop-
agation among neurons, the positive activities from the unclean areas
are propagating to all directions, including toward the current robot lo-
cation P. The unclean areas have very large external inputs and keep
the largest neural activity. Therefore, in a very short time, the activity
at P will become smaller than that at the location right below P, and the
robot will start to move down toward the unclean locations. Fig. 2(c)
shows the activity landscapewhen the activity of a neighboring location
is larger than that at P and the robot starts to escape from the deadlock
location P. The robot keeps moving down toward the unclean locations
that have the largest activity. After the robot arrives at Location Q, the
neural activity landscape is shown in Fig. 2(d), where activity at Q starts
to decrease. The robot path is shown in Fig. 2(a), where the black cir-
cles represent the areas that are passed twice by the robot. It shows that
the robot is able to move backward from P, pass through the cleaned
areas, and reach the nearest unclean location Q, without any collisions.

B. CCPP in a Dynamic Environment With Sudden Changes

The proposed neural network approach is capable of generating com-
plete coverage paths for cleaning robots in a dynamic environment,
even with obstacles suddenly placed in front of the robot. The neural
network has 20� 30 neurons, with initial neural activities at zero. The
model parameters are chosen as the same as in the previous case. In an
empty room shown in Fig. 3(a), the robot starts to sweep from Location
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Fig. 4. Complete coverage path planning in an unstructured environment.

(1,1). When the robot arrives at (7,14), however, a set of L-shaped ob-
stacles suddenly appear in front of the robot [see Fig. 3(a)]. The activity
landscape of the neural network right after the obstacles are placed is
shown in Fig. 3(c). It shows that the neural activities at the areas with
the suddenly placed obstacles immediately become very large negative
values. The cleaning robot cannot move forward due to the suddenly
added obstacles. Such a situation is similar to the side-shift template in
the previous case. The robot has to move back through several cleaned
areas, then passes around the obstacles, reaches an unclean area on its
right side, and finally cleans all the unclean workspace with obstacle
avoidance [see Fig. 3(b)]. The neural activity landscape when the robot
arrives at (16,26) is shown in Fig. 3(d).

C. CCPP in an Unstructured Environment

The proposed model is then applied to a complicated CCPP case,
where there are unstructured obstacles with arbitrary shapes in the
workspace (see Fig. 4). In the discretization of workspace, an area
partially occupied with an obstacle is assumed as an obstacle area.
The neural network has 28 � 25 neurons, with zero initial neural
activities and the same model parameters as in the previous cases. In
the workspace, there are five sets of obstacles with different shapes
and sizes. The planned robot path is shown in Fig. 4 by solid lines with
arrows representing the moving directions. It shows that the cleaning
robot is able to autonomously sweep the entire workspace from left to
right with obstacle avoidance.

D. Cooperative Sweeping of Multi-Robots

The proposed neural network approach is capable of planning
complete coverage paths for multiple cleaning robots, autonomously
without any human intervention. All the robots share the same
dynamic environmental information, whereas each robot treats the
other robots as moving obstacles. The neural activity landscape of
each robot is able to make the robot follow a reasonable path and to
cooperate with the other robots.

To illustrate the cooperative sweeping of a multi-robot system, the
proposed model is first applied to two cleaning robots in a simple in-
door environment (see Fig. 5). In the simulation, there are two neural
networks for the two robots, respectively. Each neural network has 30�
30 neurons with zero initial neural activities. The model parameters for
both neural networks are chosen as the same as in the previous cases. In
the case shown in Fig. 5, Robot 1 represented by a filled circle starts to
sweep from the lower-left corner S1 at Location (1,1), and Robot 2 rep-
resented by an empty circle sweeps from the upper-right corner S2 at
(29, 29). The real-time robot cleaning paths are shown in Fig. 5, where
the solid line represents the path of Robot 1, whereas the dashed line
shows that of Robot 2. After Robot 1 sweeps four columns, it encoun-
ters a wall and starts to clean in a narrow area like an aisle. However,
Robot 2 meets a wall after it has swept six columns. Obviously, Robot

Fig. 5. Complete coverage path planning of two robots in an indoor
environment.

Fig. 6. Complete coverage path planning of two robots in an unstructured
environment.

1 reaches the central corridor earlier than Robot 2. When Robot 1 ar-
rives at F1 (11, 12), it meets with Robot 2 at F2 (11,13); thus, the whole
space is cleaned. It shows that Robot 1 does more work than Robot 2 in
the middle areas. These two robots first sweep their own areas respec-
tively, and then, they clean the public aisle areas cooperatively.

The proposed model is then applied to a complicated case of co-
operative sweeping in an unstructured environment, where there exist
five sets of unstructured obstacles with different shape and size in the
workspace shown in Fig. 6. The neural networks are the same as in
the previous case with the same model parameters. In the simulation,
Robot 1 starts to move from the lower-left corner S1 at (1,8), whereas
Robot 2 sweeps from the upper-right corner S2 at (29, 20). The planned
real-time collision-free robot paths are shown in Fig. 6. It shows that
these two cleaning robots are able to autonomously sweep the whole
workspace along the curves of the irregularly shaped obstacles with ob-
stacle avoidance.

IV. CONCLUSION

In this paper, a biologically inspired neural network approach to
real-time complete coverage path planning of cleaning robots is pro-
posed. The developed approach is capable of autonomously planning
collision-free paths for cleaning robots in a nonstationary environment.
Some points are worth mention about the proposed neural network ap-
proach.
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• The proposed model is not very sensitive to model parameters.
There are only few model parameters, which can be chosen in a
wide range (for a detailed discussion, see [33]).

• There are only local connections among neurons. If the
workspace is a rectangle, the number of neurons required is
equal toM = Nx � Ny , where Nx and Ny are the discretized
size of the Cartesian workspace. Each neuron has at most eight
local connections. Thus, the total neural connections are not
more than 8M . If the workspace is an N � N square, N2 neu-
rons are needed, and there are at most 8N2 neural connections.
Thus, the computational complexity of the proposed algorithm
is O(N2), i.e., the complexity is squarely proportional to the
degree of discretization (resolution).

• The model algorithm is computationally simple. The robot path is
generated through dynamic neural activity landscape and the pre-
vious robot location without explicitly optimizing any global cost
functions (there is local search for next robot location among its
eight neighboring neurons), without any prior knowledge of the
dynamic environment (this model requires the current knowledge
of the environment, which is assumed to be completely known
through sensor measurements. The multisensor fusion and local-
ization of a robot are beyond the scope of this paper and are as-
sumed to be perfect) and without any learning procedures.

• This model will not be trapped in deadlock situations, which are
defined as areas whose neighboring areas are either cleaned or
obstacle areas. The remain unclean areas can globally attract the
robot in the whole workspace through neural activity propaga-
tion. Thus the cleaning robot is able to escape from deadlock sit-
uations.

• This model can deal with changing environments, even with
sudden environmental changes, such as suddenly adding or
removing obstacles.

• This model is biologically plausible. The neural activity is a con-
tinuous analog signal and has both upper and lower bounds. In
addition, the continuous activity prevents the possible oscillations
related to parallel dynamics of discrete neurons [37]. Thus, it has
potential VLSI implementation for parallel computation.
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An Empirical Risk Functional to Improve Learning in a
Neuro-Fuzzy Classifier

Giovanna Castellano, Anna M. Fanelli, Member, IEEE, and
Corrado Mencar

Abstract—The paper proposes a new Empirical Risk Functional as
cost function for training neuro-fuzzy classifiers. This cost function,
called Approximate Differentiable Empirical Risk Functional (ADERF),
provides a differentiable approximation of the misclassification rate so
that the Empirical Risk Minimization Principle formulated in Vapnik’s
Statistical Learning Theory can be applied. Also, based on the proposed
ADERF, a learning algorithm is formulated. Experimental results on a
number of benchmark classification tasks are provided and comparison to
alternative approaches given.

Index Terms—Classification error, empirical risk functional, gradient-
based learning, misclassification rate, neuro-fuzzy classifier.

I. INTRODUCTION

Fuzzy set theory is widely considered an appropriate framework for
pattern classification because of the inherent fuzziness involved in the
definition of a class [1], [2]. Unlike conventional crisp classification
techniques, which assume that a pattern belongs to only one class, fuzzy
classifiers assign a pattern with a distributed membership value to each
class, yielding soft class partitions (labels). This information is useful
not only to evaluate the quality of the classification results, but also to
treat separately patterns that are classified poorly. However, most clas-
sification systems require hard labels for objects being classified, thus
fuzzy classifier design almost always means arriving at a hard classi-
fier. In this case the fuzzy class labels are “defuzzified” and the fuzzy
classifier becomes a hard classifier but uses the idea of fuzziness in the
model.

There are numerous studies discussing the design of fuzzy classi-
fiers with learning capability, among which are neuro-fuzzy models
[3]–[7] and fuzzy systems constructed using genetic algorithms
[8]–[10]. Learning in neuro-fuzzy systems is usually based on the
minimization of a cost function. Commonly, the Mean Squared Error
(MSE) is used, since it can be shown to approximate the posterior
class probabilities in a neural classifier, but different choices of cost
functions can be made corresponding to different assumptions about
the statistical properties of data [11].
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An attractive approach, however, is to train neuro-fuzzy classifiers
according to the Empirical Risk Minimization (ERM) principle [12],
[13]. This states that, given a Risk Functional (RF), which is a theoret-
ical measure of the performance of the classifier (classification error),
minimization of RF can be achieved by minimization of the Empirical
Risk Functional, defined as the sample mean of RF computed on the
training data (misclassification rate). The problem associated with the
use of misclassification rate as ERF is that it can not be minimized via
gradient descent learning, since it is not differentiable.

In this paper, we formulate an Empirical Risk Functional as cost
function to be minimized during the training procedure of a family of
neuro fuzzy classifiers. This cost function, which we call Approximate
Differentiable Empirical Risk Functional (ADERF), provides a differ-
entiable approximation of the misclassification rate so that it can be
directly minimized through a steepest-descent procedure.

The paper is organized as follows. In Section II a family of
neuro-fuzzy classifiers is introduced. Section III formulates the
proposed ADERF and the related learning algorithm. Simulation
results are given in Section IV. Finally, Section V concludes the paper.

II. FAMILY OF NEURO-FUZZY CLASSIFIERS

Consider an n-dimensional classification problem for whichN pat-
terns x 2 X � <n, x = (x1; . . . ; xn) are given from m disjoint
classes C1; . . . ; Cm, i.e., a training set of N examples

T = x
(p)
;d

(p)
x
(p) 2 X;

d
(p) = class x

(p)
; p = 1 . . .N

is available. The task of a pattern classifier is to assign a given pattern x
to one of them classes based on its feature values. Thus, a classification
task can be represented as a mapping

class : X ! E

where

E = ej j ej = 0; 0; . . . 0

j�1

; 1; 0; . . . ; 0

m�j

� f0; 1gm

so that: x belongs to class Cl , class (x) = el.
To approximate the mapping class (�), a fuzzy inference model can

be used that represents the pattern feature values by fuzzy sets and
performs the classification task by a set of linguistic rules. The type
of fuzzy model adopted in this work is based on rules of the following
form:

IF (x1 IS Ar
1)AND � � �AND (xn IS Ar

n)THEN

(x 2 C1 with degree vr1) AND . . .

AND (x 2 Cm with degree vrm) (1)

where r is the rule index, Ar
i , i = 1 . . .n are fuzzy sets defined on the

input variables and vrj , j = 1 . . .m are fuzzy singletons representing
the degree to which a pattern x belongs to class Cj , j = 1 . . .m.
Gaussian membership functions are employed for input fuzzy sets Ar

i

�A (xi) := exp �
(xi � wri)

2

2�2ri
(2)

where wri and �ri are the center and the width of the function.
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