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Abstract 
 
In this research authors propose the improved algorithm for collision prevention based on the combination of immune 
neural network and fuzzy logic for the team of autonomous unmanned electrical aerial vehicles (UAVs) cooperatively 
reaching the common goal. The mathematical model for cooperative and safe task performance of the UAVs is developed, 

target function for self-organized learning of the immune neuro-fuzzy control system is defined. Information, decisions 
and corresponding actions of each team participant are distributed between UAVs, so each autonomous device should 
make and optimal decision between safety and performance criteria, i.e. for safe maneuver leading towards the team goal 
achievement. UAVs’ team members share the data from each other and learn to make better decisions by unsupervised 
learning immune neuro-fuzzy algorithm. The experimental proofs of mathematical and computer modelling, as well as 
practical experiments of the multi-rotor helicopter prototype are provided. 
KEY WORDS: Unmanned aerial vehicle; anti-collision system; aerial vehicle’s team; electric drive; immune neuro-
fuzzy logic 
 
1. Introduction 
 

The use of aerial vehicles for industrial purposes began relatively recently. In Australia drones are equipped with 
artificial intelligence powered software that can distinguish sharks from dolphins, wales, boats, and other marine life in 
real-time with 90% accuracy. Drones could help detect potential terrorists in public spaces, merely by measuring 
anomalies in their heart rates, according to Chahl, a Professor of Sensor Systems in UniSA’s School of Engineering. All 
these possibilities of use aerial vehicles prove the relevance of the topic.  

All over the world, companies are trying to embed artificial intellect (AI) in the vehicles and to provide the 
autonomous drive, and unmanned aerial vehicles, such as drones or quadcopters, not an exception. In 2016 S.Roelofsen, 
A.Martinoli and D.Gillet proposed a collision avoidance algorithm for unmanned aerial vehicles with limited field of view 
constraints [1]. Authors presented a safe collision avoidance algorithm based on potential fields for fixed-wing unmanned 
aerial vehicles (UAVs) with constrained field of view sensors such as cameras. They demonstrated the effectiveness of 
the proposed method with several simulations, including one with randomized trajectories covering a large set of possible 
configurations. In difference with a mentioned research, this paper deals with a collision avoidance of rotorcraft vehicles. 
In [2] conflict resolution was achieved with obstacle trajectory data taken from a simulated camera and range-finder in 
the presence of their respective measurement uncertainties. M.Hehn and R.D’Andrea proposed an algorithm for the real-
time trajectory generation for quadcopters [3]. The ability to plan trajectories from non-rest conditions was used in 
conjunction with way points in order to guide vehicles around obstacles without stopping.  

In this study, the main focus is still on the UAV speed changing of the multiply UAV collision prevention between 
themselves. . In 2014 anti-collision system for navigation inside an UAV using fuzzy controllers and range sensors [4] 
was proposed. In that research authors were working to provide a system that will help to prevent UAV collisions with 
obstacles, but nothing about collisions with other UAVs was said. In 2013 a comparative study of collision avoidance 
techniques for unmanned aerial vehicles was presents and published by A. Alexopoulos and others [5]. The first collision 
avoidance method in that study was based on a geometric approach which computes a direction of avoidance from the 
flight direction and simple geometric equations. The second technique used virtual repulsive force fields causing the UAV 
to be repelled by obstacles. The last method was a grid-based online path re-planning algorithm with A* search that finds 
a collision free path during flight. Various flight scenarios were defined including static and dynamic obstacles. In 
difference of that research, we provide a system, were dynamic obstacles are UAVs, and all these dynamic obstacles are 
communicating with each other, providing a team work. In [6] authors propose a control algorithm of multiple unmanned 
electrical aerial vehicles for their collision prevention. 

 
2. Problem Formulation 

 
The algorithm described in this paper prevents collisions between UAVs’ team members in tasks of several UAVs 

working in one area.  
In general, there are several ways to avoid the collision between UAVs of the same team: 
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 altitude correction of the UAVs; 
 speed change of the UAVs; 
 trajectory changing of the UAVs. 

This research allow significantly improve the previously developed algorithm of UAV anti-collision system that 
allowed to avoid collisions by appropriate altitude selection.  

The goal of the current research is to develop the algorithm for autonomous UAV, that will give possibility for 
UAVs to train themselves without a teacher to avoid the collisions in the most effective way by changing the UAVs speed 
and without human intervention, i.e. the system should be self-organized. 

For that purpose authors have developed a use of immune neuro-fuzzy logic method to minimize collision 
probability.  

 
3. Anti-Collision System Structure 

 
The proposed anti-collision system is not centralized and is distributed among the UAVs of the team. All 

calculations and decision making are made by the immune neuro-fuzzy anti-collision system embedded in each UAV 
separately. Fig. 1 shows the structure of the proposed system. 

There are communication components ensuring data transmission, such as satellite positioning system – GNSS 
(such as GALILEO, GPS etc.) and radio frequency modules – RF. 

Each UAV of the team has embedded electronic device DTR – control components to obtain the position, to 
calculate the motion parameters, to communicate with other devices and to control the electric drive of UAV. 

 

 
 

Fig.1 Structure of the anti-collision system of UAVs 
 

DTR device of the UAV receives the information about UAV location by GNSS and information about other UAVs 
location, speed and movement direction by RF.  

INN performs the collision prevention function by the following steps: 
Step 1. Fuzzy logic (FL) makes a risk assessment. If the collision probability is high enough, than Step 2 is made 

and INN calculates necessary speed changes, otherwise no further calculations and changes are needed. 
Step 2. The affinity algorithm (AA) compares the similarity of the current situation with all situations that stored in 

the immune memory (IM) and finds the situation with the lowest discrepancy.  
Step 3. INN specialized neurons use stored weights of the found similar situation and calculate speed change Δvi 

for UAV and other vehicles.  
Step 4. Target function (TF) calculates the collision probability P of UAV taking in account changed speed.  
Step 5. Decision making algorithm (DM) evaluates the found solution by multiple criteria optimization minimizing 

of collision probability P and UAV’s speed change Δv.  
Step 6. If the criteria are satisfied (P is close to zero and Δv is as small as possible), data about the situation and INN 

weights are saved in the IM and necessary speed changes Δvi are sent to the DTR device.  
Step 7. DTR controls the UAVs electric drive (power electronics elements PE and electric motor M) to change the 

speed and transmits the information about the suggested speed change to other vehicles. 
 

4. Mathematical Model of Anti-Collision Immune Neural Network and Fuzzy Logic 
 

In this paper, immune neuro-fuzzy control proposed to be taken as intelligent control method. While fuzzy logic 
provides an inference mechanism under cognitive uncertainty in reactions to the UAV situation danger level, 
computational immune neural networks offer exciting advantages, such as learning, adaptation, fault tolerance, 
parallelism and generalization.[7]. 

The mathematical model of the UAVs’ team represents the set of autonomous unmanned aerial vehicles whose 
actions agree with certain rules and with only common interests. 

The set of UAVs is given: 
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 1, , nUAVS UAV UAV, nUAV, n . (1) 
 

The utility function as a common interest function is: 
 

 1 2, , , , nU w x a a a optna, na, n , (2) 
 

where u – utility function – common interest function; x – state of the environment; ai – action of the i-th UAV/ 
The information of each UAV depends on the state of environment: 
 

 i iv x , (3) 
 

where yi – information of i-th UAV. 
The decision rule of i-th UAV results an action of i-th quadcopter and depends on the information: 
 

 i i ia y ,  (4) 
 

where βi – decision rule of i-th UAV. 
Interaction between i-th and j-th UAV: 
 

 ij
i j

wq
a a

.  (5) 

 
A set of decision rules is optimal if: 
 

 1 1, , , n nE S E w x y yn nn, nyn,  max for a given probability distribution on x 

 
For anticollision tast the set of possible points of potential collisions is defined: 
 

 1 2, , , cP p p pcp, .  (6) 
 
The location LUAVS of UAVs is represented by three subsets < , that are latitutde , longitude 

 and altitude : 
 

 1 2 1 2 1 2, , , , , , , , , , ,n n nUAVS UAVS UAVSUAVS UAVS UAVS UAVS UAVS UAVSUAVS UAVS UAVS
c c c c c c c c c c c c

nUAVS UAVS UAVS2 n2UAVS UAVSUAVS 111UAVS UAVSUAVS1 211 21
c c c c c c c c c

1 21, , , , , , , , ,, , , , , ,1 2 1 21 21 2 1 21111111 21 21 21 21 21 211 21 21 21 211 21 2
c c c c c c c cc c c c c c c c, , , , , , , , ,, , , , , ,, , , , , ,1 21 21 21 21 21 2 , (7) 

 
where  – latitude of the current point;  – longitude of the current point;  –altitude of the current point. 

 
The common goal defined in this paper is to reach and successfully pass all points of potential collision of UAVs 

are defined by these sets of geographical coordinates: 
 
 1 2 1 2 1 2, , , , , , , , , , ,c c cp p pp p p p p pp p p

b b b b b b b b b b b b
cp p p22p pp 111p pp1 211 21

b b b b b b b b b
1 21 221111111 21 211 21 2

b b b b b b b bb b b b b b b, , , , , , , , ,, , , , , ,, , , , , ,1 21 21 21 21 21 21 21 21 21 21 211 21 21 21 211 21 2
b b b b b bb b b b bb b b b ; (8) 

 

 1 2 1 2 1 2, , , , , , , , , , ,c c cp p pp p p p p pp p p
e e e e e e e e e e e e

cp p p22p pp 1111p pp1 21 211 21 21 211 2
e e e e e e e e e

1 2, , , , , , , , ,, , , , , ,1 2211111 21 211 21 2
e e e e e e e ee e e e e e e e, , , , , , , , ,, , , , , ,, , , , , ,1 21 21 21 21 21 21 21 21 21 21 211 21 21 21 211 21 2 , (9) 

 
where - latitude of the beginning point of potential collision; - longitude of the beginning point of potential 
collision; - altitude of the beginning point of potential collision;  - latitude of the ending point of potential collision; 

- longitude of the ending point of potential collision; - altitude of the ending point of potential collision; c – number 
of trajectories point of potential collision. 

The safety criterion defined in the previous paper is still actual: 
 

 
2 2 2j i j i j i

i j c c c c c cD UAVUAV S , (10) 

 
where S is safety distance limit for each pair of UAVi UAVj . 

It is obvious that in case if  AND  AND  the 
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safety criteria can not be satisfied, because .  

So, the common target function with anticollision criteria is following: 
 

 

max

1

max min

min

1
1

m
ii

i j

P v Pij

v v v

D UAVUAV S

i n
j n

i j

n
n

  (11) 

 
where Pmax - the maximum collision probability; PIJ = (P(<UAV1,  UAV2>),…,P(<UAVi, UAVj>),…,P(<UAVn-1, UAVn>)) 
- set of probabilities of collision for all pairs of UAVs <UAVi, UAVj>, i≠j, i,j = 1..n 

The proposed INN can be used as one of the tools to assess and improve the situation on a point of potential 
collision and UAV traffic optimization. The structure of INN is presented in Fig. 2.  
 

 
 

Fig. 2 Immune neural network structure 
 

The prosed INN for UAV consists of one input, one layer with specialized neurons μ and one output layer. Input 
data Vi (unmanned aerial vehicle’s speed) and di (distance from unmanned aerial vehicle till the possible collision point 
with another aerial vehicles) enters the input layer. From the input layer these data are sent to the AA (affinity algorithm) 
and μ layer, which is made of μ neurons. AA checks all the similar situations, stored in the database in the IM (immune 
memory) and calculates the discrepancies. Situation with a smallest discrepancy is chosen and it’s number α is sent to the 
μ neurons. Each μ neuron has an immune memory. Here situations’ numbers are stored together with weights wα, which 
were used while solving the exact problem i.e. processing the similar input data. After μ neuron received from the AA 
number of the situation α, the coefficient β = wα is selected from the immune memory of the μ neuron and training is 
started with found weights application. The activation function of each traditional neuron generates an output for speed 
change ∆vi for each unmanned aerial vehicle. Collision probability Pmax is also calculated by using fitness function F. If 
the collision probability is bigger than specified then weights of μ neurons are changed by the training algorithm  
β = TA(β) and new values of weights are sent to the μ layer and training is repeated. If the collision probability Pmax is 
less or equal to specified, than the information about the number of the situation and weights wα, which were used to solve 
the optimization task, are saved into the immune memory of μ neurons, number of the situation and input data are saved 
into the immune memory database and decision about necessary speed change of the UAV is transmitted to the vehicle’s 
embedded electronic device DTR. 

Input layer contains the antigen, defined by a set of following input tuples: 
 

 1 1 2 2 1 1

11 12 21 22 1 2

, , , , , , , , ,

, , , , , , ,

m m m mu u u uui ui ui ui
k k k k

k k

X d V d v d v d v d vk 1111
ud umd mum
k 11

k111k11  (12) 
 

where k – number of points of potential collision for all controlled UAV in the area of visibility of anti-collision system; 
- distance (m) of each UAV moving towards the j-th point of potential collision;  - actual speed (m/s) of UAV 

vehicle  moving towards the j-th point of potential collision; additionally each UAV transmits the following data 
to the control system of the UAV with INN. 

The output layer of INN contains the set of neurons generating antibodies for the task solution to minimize multiple 
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criteria target function. In this task the antibody is represented by the set of speed changes for each UAV unit:  

. 
The assessment of antibody-antigen fitness is performed using two criteria target function, which in general form is 

following: 
 

 max

1

max min

minm
ii

P Pij
F v

v v
 (13)

 
General fuzzy logic structure, shown in the Fig. 3, consists of input as a risk level of recognized objects, 

membership functions for risk assessment, rule database for selection of actions and defuzzification functions for the level 
of the activity. In these models, relations among variables are described by means of if–then rules with fuzzy predicates. 

Fuzzy sets are defined through their membership functions (denoted by μ) which map the elements of the 
considered universe to the unit interval [0, 1]. The extreme values 1 and 0 denote complete membership and non-
membership, respectively, while a degree between 0 and 1 means partial membership in the fuzzy set. A particular domain 
element can simultaneously belong to several sets (with different degrees of membership) [8]. In Fig. 3, for instance, 45% 
of risk belongs to the set of high risk with membership 0.2 and to the set of medium risk with membership 0.8. We can 
suppose which action must be chosen for the crash prevention after defining the level of the risk in percentages. This 
gradual transition from membership to non-membership facilitates a smooth outcome of the reasoning (deduction) with 
fuzzy if–then rules, in fact a kind of interpolation [8]. 
 

 
 

Fig. 3 Partitioning of the risk domain into four fuzzy sets 
 

5. Immune Neural Network Data Processing Algorithm 
 

The algorithm of INN consists of the following steps. 
Step 0. Initializing input parameters for the algorithm, the technical details of embedded device should be taken in 

account such as CPU clock rate, RAM size, non-volatile data storage size etc. Initialized parameters are: Tmax - maximal 
number of INN training iterations; εlim – maximal match error, responsible for creation new record in IM or replacing the 
existing; Psafe – maximal acceptable (safe) value of collision probability; r – coefficient for speed reduction to avoid the 
collision if solution is not found 0 < r <= 1. 

Step 1. Input data X= (x11, x12, x21, x22 …, xn1, xn2), where xi1 = di, xi2 = vi received about n objects approaching 
point of potential collision. 

Step 2. The affinity algorithm AA (X, S) checks all m situations stored in data base S = {s1, s2, … , sm}, calculates 
the discrepancies: 

 

 
2

2
1 0 1, , , where 

j
n ik ik

m j i k
ik

x x
E

x
, m ,, , w, www ,  (14) 

 
and finds the closest match α, where) εα = min(E) 

All the data in IM is stored in clusters for easier and faster match finding process [9]. For example, if three UAVs 
are participating in the possible collision situation, there is no need to find the similar situation in the group of situations 
with two participants. Therefore, method of clustering is used for data storage in IM and faster affinity algorithm work. 

Step 3. The value α is one of activating input of each μ (special neurons). When α is received, the coefficient β = wα 
is selected from the immune memory of the μ neuron. Iteration counter t = 0. 

Step 4. Neuron is activated only if  is received or if new  are received from the training algorithm TA to 
feedforward the gained input value = and increase iteration counter t = t + 1 

Step 5. The activation function of each traditional neuron generates an output for speed change  for each object 
Step 6. The fitness function F calculates the probability of collision Pmax 
Step 7. If Pmax > Psafe then coefficients of μ neurons are changed by the training algorithm β = TA(β) and if t < Tmax 

repeat from Step 4. 
Step 8. If Pmax <= Psafe then the activating signal γ is transmitted to both situations database and each M neurons. 
Step 9. If t >= Tmax then situation can not be solved in the defined time, so the safe solution is necessary. In this 
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paper such solution is speed reduction  and END algorithm else go to Step 10 

Step 10. When γ is active and  
if , then each M neuron saves the existing coefficient as wm+1 = β, the IM saves the situation X as sm+1 = X 

and m = m + 1  
else if , then wα = β, the record α in the IM is updated. sα = X, 
Step 11. END of the algorithm. 
 

6. Computer Models and Experiment 
 

Any maneuvers of the quadcopter requires to know the exact rotation speed of the propeller engines and necessary 
Euler angles.  

For this purpose a Simulink model for the quadcopter UAV for angles calculations was developed (Fig. 4). 
 

  
 

Fig. 4 Simullink model for the quadcopter UAV 
 

A computer experiment of the developed program of implemented algorithm was made (Fig. 5.). 
The conditions for experiment are following: four routes are selected; UAV are selected in pairs in opposite 

direction; one cross point is defined; 40 km/h is defined as nominal UAV speed, speed is allowed to increase up to 60 km/h 
to avoid collision. Collision probability changes from 0 to 1, maximal value of target function is set as 0.04, motion speed 
criteria is defined as following -  nominal speed minus speed difference, divided by nominal speed.  

 

 
 

Fig. 5 Point of potential collision computer model 
 



1340 
For each UAV the inputs for Artificial Neural Network (ANN) are motion speed of all UAV’s and their distance 

to point of potential collision, including own. According to this data, each UAV own INN to get speed change satisfying 
the target function. The decision to accelerate or brake is adjustable by specific collision sensitivity index. At beginning 
of self-training algorithm, the first set of weights appropriate to target function is taken to memory pool. The number of 
iterations is limited to 200, to find the optimal speed change decision, If no result, speed is decreased in double. All UAV 
collision contacts are recorded in array. 

The INN calculate the necessary speed change, however each UAV has acceleration and deceleration rate, that 
does not allow to change the speed immediately. 

 

 
 

Fig. 6 Comparison of collision amount in 3 different experiments 
 

Three simulations with the same experimental conditions were made to prove the efficiency of the developed 
algorithm.  

Experiment Nr.1 – no any motion control is used. For 30 minutes simulation 110 collisions are detected. 
Experiment Nr.2 – usual neural network (NN) is used for motion control. Immune memory is not applicable. Each 

UAV uses random weights for the target function minimization. For 30 minutes simulation 19 collisions are detected.  
Experiment Nr.3 – proposed Immune Neural Network (INN) with Immune memory is used for motion control. For 

30 minutes simulation no collisions is detected. 
The comparison of the amount of collisions in different experiments is shown in Fig. 6. 
Another parameter to compare ordinary neural network NN and immune neural network INN is a number of 

iterations for self-training to obtain target function satisfying decision.  
 

 
 

Fig. 7 Comparison of number of iterations, while finding the better result 
 
The comparison of number of iterations for the one vehicle is shown at Fig. 7. At the beginning of experiment the 

number of iterations for both structures are approximately the same, because at the beginning of simulation INN is 
untrained and no much data of the best solutions are in the immune memory. When training is done and immune memory 
is full enough with good examples, INN find out better solutions and update the immune memory. 

At the end of experiment the results show, that NN need more iterations as INN to solve the same task, this 
significantly increases processing time and leads to a bigger amount of collisions. This explains the amount of fixed 
accidents by using NN in the Fig. 6. 
 
7. Conclusions 

 
The developed self-organized learning algorithm for immune neuro-fuzzy anti-collision system of autonomous 

unmanned aerial vehicles’ team is working correctly. 
Experiment shows, that all unmanned aerial vehicles reached their target point without any collisions by changing 

only one target parameter – speed of the flight.  
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As the proposed devices are embedded into the UAVs there is no necessity to involve infrastructure and devices 

can work regardless of location, also in forest or over reservoirs. 
Developed devices with INN can be used in transport collision prevention control systems.  
Developed unsupervised learning method is successfully used for INN.  
INN helps to minimize time for processing and decision making.  
Proposed additional layer, immune memory and developed affinity algorithm of INN allow increasing 

performance compared to traditional ANN.  
INN is able to significantly reduce the collision probability. 
As computer experiment proves, it is not necessary to assign the master or slave roles for UAVs. All vehicles are 

using self-learning INN and created algorithm can control safe motion on the routes by themselves.  
Application of artificial neural network is justified by ability to use stochastic self-learning algorithm for neuron 

network training with random numbers selection, thus weight changes according uniform distribution principle, therefore 
the possibility to allocate the same weight for different UAV is excluded. This hypothesis is proved by computer 
experiment. 

It is necessary to develop prediction algorithms for the location and velocity to continue the calculation, if the data 
receiving is delayed. 

Further step of improvements is a collision avoidance between UAVs by trajectory change and integration of all 
methods in a safety control system of UAV. 
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