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ABSTRACT 

In this paper, we present new concepts for path planning and cooperative target assignment for unmanned vehicles in 
uncertain environments. The approach is inspired by possible cognitive computing architectures used in mammalian 
brains for navigation tasks.  A dynamic map based on sensor input and a diffusion equation is used to generate paths 
around obstacles to targets. Targets are assigned to each UAV based on simple priority logic or dynamic competition. 
Simulation results for a simple scenario with two UAVs and multiple targets are presented. 
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1. INTRODUCTION 
Coordinated task allocation and path planning with limited computational resources is a challenging problem. 
Autonomous realization of these functions will enable rapid mission planning for multiple UAVs and significantly 
enhance their capabilities for accomplishing complex objectives such as search and tracking in urban environments.   
The development of a new generation of UAVs that are capable of highly autonomous cooperative operation and task 
management in a changing or unknown environment requires highly adaptive approaches for decision-making.  
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Figure 1.  Block diagram showing task allocation and path planning in the context of a multiple UAV and task mission 
in an urban environment. 

Recent advances in bio-inspired control and signal processing provide new approaches for autonomous mission planning 
for UAVs that incorporates algorithms enabling generalization and categorization of inputs signals that successfully 
adapt to their environment.  In this paper, a new approach for path planning, motivated by natural processes enabling the 
remarkable capabilities of animal navigation, is presented.  Some researchers have suggested that such behavior will 
only be achieved via a simulated architecture that reflects an animal's brain architecture and dynamics. However, large-
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scale networks of neuronal elements that reflect such brain structure have intensive computational requirements, so 
simpler models that capture the essential features of neuronal behavior are desirable.  New models that are 
computationally tractable for realistic operational scenarios and which may be suitable for collaborative autonomous 
decision making are presented.  Moreover, the architecture can be efficiently scaled to match the complexity of the 
environment and task, thus minimizing the required computational resources. 

The approach presented is motivated by recent studies of mammalian navigation. Recent recordings of neuronal 
activities in mammalian brains have shown that specific areas of the hippocampus and entorhinal cortex are associated 
with spatial orientation and navigation [1]. The entorhinal cortex is the main input to the hippocampus and is responsible 
for pre-processing signals received by the hippocampus. It is known that the hippocampus and the entorhinal cortex (EC) 
play an important role in memory consolidation and optimization. Neurons in the hippocampus known as “place cells” 
are active when the animal visits restricted regions of its environment.  Many cells in the CA1 subregion of the 
hippocampus and the entorhinal cortex show an increase in activity when as animal is at a certain position, depending on 
where an animal has come from or where it is going to. These findings suggest that the animal's position is captured as 
spatial trajectory map [2] and that the EC represents regularities across the different trajectories that could allow for 
generalization across experiences. Comparative analysis of simultaneously recorded activity of multiple neurons in the 
rat hippocampus during both sleep and while the rat is performing navigational task shows that temporally sequenced 
ensemble firing rate patterns reflecting tens of seconds to minutes of behavioral experience are reproduced during Rapid 
Eye Movement (REM) sleep episodes at an equivalent timescale [2].  
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Figure 2.  Flow diagram of the proposed algorithm for path planning. 

This work uses a generalization of prior approaches that employ neural network models to represent spatial maps as a 
collection of interconnected nodes. Flexible dynamical system models are used to represent the vehicle's spatial 
environment, denoted as its landscape. A schematic of the approach is shown in Figure 2.  This landscape is 
implemented as a collection of interconnected "neuronal elements" that performs the function of the hippocampus and 
entorhinal cortex in representing an animal's environment. The behavior of each element is determined dynamically from 
information from the environment, nearby elements, and target assignment. To obtain highly adaptive solutions, an 
analogue of the place cells that correspond to particular location (coordinate) in the environment map is employed. The 
target location or an obstacle conditions the properties of these cells and direct the vehicle to follow the path in the local 
region. To do this we create two-dimensional field, generated by a network of cells that is linked to the environment map 
and make this field dynamically dependent on the environment and targets.       

One possible implementation of the dynamic based landscape is shown in Figure 3, which is a block diagram of the 
approach developed for target search. The environment is represented as a dynamic multi-resolution grid-based 
occupancy map that is iteratively updated as the vehicle gains information about its environment. Each element on the 
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grid on the landscape corresponds to a different location in the vehicle's environment. This difference equation performs 
the task of optimization and consolidation of memory that is carried out in the hippocampus of animals. 
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Figure 3.  Block diagram of the proposed approach for target search. 

 
For target allocation, the principal of dynamics competition is utilized, which is based on the estimation of distance and 
the priority levels of targets. This approach is highly adaptive and its dynamics can be modified through the parameter 
selection of the governing system. In the rest of the paper we consider the dynamics behind the trajectory planning and 
target selection used in the proposed approach. 

2. LANDSCAPE MAPS 
Use of a neuronal network approach based on neurobiological models for application to path planning tasks has been 
studied in a number of recent papers; see for example [3,4]. These networks represent a two-dimensional array of 
neurons modeled with differential equations where the level of neuronal activity was dynamically set through the 
network interaction and was dynamically dependant on the distance from the target. The distribution of the neuronal 
activity levels throughout the network formed a landscape with a minimum at the target location. Some recent 
modifications of this approach include the use of discrete-time (difference) equations to make the approach is less 
computationally expansive [5].  Here we use a similar approach, but implement using a diffusion type of field equations 
in the following form 

 1( , ) ( ( , )) ( ( , ))n n nu x y f u x y gW f u x y+ = + ∆   (1) 

where 1( , )nu x y+  - represent the level of the landscape at the point with coordinates x  and y . In the simulation we 
represent the environment map with two-dimensional array of pixels and, as the result, the coordinates x  and y  have 
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discrete values ix  and jy . The indexes i and j will be omitted from equations unless they are needed. The state 

dependent function ( ( , ))nf u x y  defines the individual properties of each cell and is of the form  

 ( ( , )) ( , ) ( , ) ( ( , ) ( , ))n n nf u x y u x y F x y u x y F x yµ= − − , (2) 

where µ is a small parameter (0 < µ <<1) and ( , )F x y  is an environmental input 

 

1 if ( , ) is an obstacle,
( , ) if ( , ) is a target,

0 otherwise.

x y
F x y d x y

⎧
⎪= −⎨
⎪
⎩

 (3) 

The last term of field equation (1) represents the diffusive coupling among the cells, where the operator ∆  is a discrete 
analogue of the Laplacian, g is the strength of coupling among the cells (0< g <0.5), and W is the environment input of 
the form  
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( , )
1 otherwise.

x y
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 (4) 

 

To describe the dynamics of the field equation (1), the individual dynamics of the cell obtained with g=0 are considered. 
The dynamics is described by the discrete-time system      

 1( , ) ( , ) ( , ) ( ( , ) ( , ))n n nu x y u x y F x y u x y F x yµ+ = − − . (5) 

If the location ( , )x y  of the cell corresponds to an obstacle location, then ( , ) 1F x y = and the difference equation (5) 

has a single stable fixed point at ( , ) 1nu x y = . In this case, the trajectory approaches this steady state form any initial 

conditions.  If the location ( , )x y  of the cell corresponds to a target, ( , )F x y d= − , then the system has stable fixed 

point at ( , )nu x y d= − , and the trajectory approaches this steady state form any initial conditions. In the case 

of ( , ) 0F x y = , the system has neutral stability and the trajectory remains at the initial state. In the computation of the 

landscape field (1), the iteration starts with 0 ( , ) 1u x y = . As the result, when the cells are uncoupled all remain 

at ( , ) 1nu x y = , except for the cells representing the targets. 

Diffusive coupling of each cell to its neighbors by ( , )W x y  does not disturb the dynamics of the cells located at the 
obstacles, but will destroy the neutral stability of “empty” cells, which now approach the steady state conditioned by the 
states of the neighboring cells.  To create a landscape whose gradient field leads to the target, the difference equation (1) 
is computed starting with initial condition 0 ( , ) 1u x y =  for all cells. If there is no target in the map, the field will 
remain unchanged, but, if there is a target, then it will create a funnel that that spreads through the map without 
perturbing the obstacle cells. An example of the field generated by this method is shown in Figure 4. The field is 
generated for a 50x50 array of cells. The sets of obstacles are marked with white pixels against the blue background and 
the target location is indicated with red circle in Figure 4 (left panel). After two hundred iterations, the system produces 
the field ( , )nu x y shown in Figure 4 (middle panel). One can use the gradient vector of this field to direct the vehicle 
towards the target as is shown in Figure 4 (right panel). The vehicle starts at the green circle and moves along the black 
curve to the target avoiding the obstacles. Note that areas surrounded completely by the obstacles are inaccessible and 
these areas remain white. To avoid runaway behavior, the region of interest has a border with a frame of obstacles placed 
at the edges, seen as the white line around the map.  
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Figure 4 An example of the landscape formation and the trajectory planning. 

 

Because of the linearity of the total field equations, the field generated by several targets can be computed by averaging 
the fields from each target  

 
1

1( , ) ( , )
N

k
TOTAL

k
u x y u x y

N =

= ∑ , (6) 

where N is the total number of targets and ( , )ku x y  is the field of the k–th target after a preset number of iterations is 

completed. Since the obstacles for all fields ( , )ku x y  are the same, the total field at the obstacles location will be equal 
to 1.  

In our simulation, only the fields for generated for a selected target are used, and target selection is based on the target 
priority and the distance.  The proposed mechanisms of target assignment are described below. 

 

3. DYNAMICAL TARGET ASSIGNMENT 
The goal of the approach used for target assignment is be adaptive to a changing environment and to require minimal 
supervision. To simplify the task at this stage, it is assumed that vehicles share information about the map and target 
states in real time and that decision-making in all the vehicles is done simultaneously. Only the case of stationary targets 
is considered. In the simulations, the following scenario is used: after each target is located during the search, state, data 
on the target coordinates are shared among the all vehicles. After each observation of the target, the target priority is 
reset to zero, and then increases as the simulation progresses until it is observed again. When the target priority reaches a 
threshold level, it needs to be visited and observed by one of the vehicles.  Here using an example of two vehicles and 
five targets, two possible approaches to target assignment among the vehicles are considered:    

3.1 Maximum priority.  

In this approach, arrays of target priorities and distance priorities are used, as shown for example in Figure 5. In this 
algorithm, the targets that have priorities above the threshold level are selected. The targets with priorities below the 
threshold are removed from further steps.  The two-dimensional array of target priorities is based on the distance 
between each vehicle with closer targets having higher priority. The target priorities are added to the distance priorities 
to form the two-dimensional array of final priorities for the eligible target (i.e. targets with target priorities above the 
threshold level). In the next step, N+1 elements of the two-dimensional array are selected, where N is the number of 
vehicles. This rule can be changed depending on the mission. In the final step, the vehicle with maximal target priority is 
selected for each target and the process is repeated for the remaining targets. As the result, each vehicle has no more than 
one target assigned to it. The vehicles that are left without a target will perform other tasks.                               
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Figure 5 Example of target assignment. 

 

The parameters of this selection method can be change depending on the mission.    

 

3.2 Principle of dynamical competition. 

The selection of targets based on the two-dimensional priorities arrays for eligible targets for each vehicle can be 
implemented utilizing the principle of dynamical competition. This principle was intensively studied in description of 
evolution if the biological systems where several species compete for the use of the same source of food supply. Similar 
phenomenon is also found in the propagation of several wave modes in waveguide with the nonlinear active media with 
gain saturation. This principle, which is also know as “winner takes it all”, can be described with the following set of 
equations      

 2

1
( )

TN
i

i i i
i

dA a A A
dt =

= − ∑ , (7) 

where iA  is the amplitude of the i-th wave mode, ia is the linear gain for the i-th wave mode, and TN is the number of 
modes. Typical evolution of the amplitudes in this system is shown in Figure 6.   

 
Figure 6 Example of the dynamical competition among 4 competitors. 

To adapt this principle to the case of target assignment for multiple vehicles, the systems of equations (7) must be 
modified to incorporate several supply sources. Each vehicle will represent a supply source and the targets, which are 
able to consume energy from any of these sources, will compete to dominate one of them. The equations in this case can 
be written in the following form     
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where ,i jA  is the attraction level of the i-th target for the j-th vehicle , ,i ja is the priority level of the i-th target for the j-

th vehicle, TN is the number of target and UAVN is the number of vehicles. Typical time evolution of the equations (8) 
towards selected targets for the case of two vehicles and five four targets is illustrated in Figure 7. 

 
Figure 7 Example of dynamical competition principle in the target assignment 

As result of the evolution of the dynamical system (8), each vehicle is assigned to one target and no more then one 
vehicle goes to the target. This scenario can also be modified to utilize nonlinear coupling among the ,i jA . For example 
one can consider additional tasks (e.g. search) in addition to a target.  

4. SIMULATIONS  
In the simulations reported here, the environment consists of a two-dimensional array of pixels (100x100) representing 
the map of the area to be explored. Some pixels of the array are marked as targets and some of the pixels are marked as 
the obstacles.  

 
Figure 8 Example of the simulation reasults after the first iteration of random search. The left panel shows actual targets 
(white dots), obstacles (white circles and ellipses), and the trajectories of the vehicles. The right panel shows the reported 

coordinates of observed targets and obstacles.      

At the initial state, the vehicles have no information about the map and they explore the area via random search. When 
the vehicles encounter an obstacle, it reports the detected coordinates of the obstacle to the other vehicles and randomly 
changes its direction of motion. When the vehicle encounters a target, it reports the coordinates of the targets to other 
vehicles and sets the target priority to zero. After the target is detected, its priority monotonically increases with time 
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until some vehicle visits it again. The example of information obtained and reported by two vehicles after the first 
iteration of the random search is shown in Figure 8, right panel.  

 
Figure 9 The results of a simulation after a few targets are detected 

After the priorities of one the discovered targets exceeds the threshold, the nearest vehicle needs to revisit that target and 
report its status. To go to the target, the vehicle uses the landscape field constructed based on the information on the 
reported obstacles as it is illustrated in Figure 9 (top row of panels). The lower panel shows the information about 
environment available at that moment of time. The landscape field generated based on this information is shown in the 
right panel. After a sufficient number of decision making steps, the vehicles collect all necessary information about 
environment and targets as it shown in Figure 10.  

 
Figure 10 Detected obstacles and targets. 

 
 

 

5. CONCLUSIONS 
In this paper, a new path planning algorithm for cooperative target search was proposed.  Paths around obstacles are 
generated using a dynamic map with a diffusions term.  Further work is underway to incorporate effects of uncertain 
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sensor information in the dynamic landscape and to develop weighted priority metrics for multiple vehicle target 
assignment and path planning based on area coverage, distance to targets, information gain, and search uncertainty.  
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