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Abstract 

Artificial bee colony algorithm [1] is a swarm intelligence algorithm that simulates 
honeybee honey collecting behavior. It has the advantages of good convergence, few 
parameters and simple implementation process. However, because each optimization 
task is isolated, it must be reinitialized when executing a new task, and the past 
optimization information can not be used well, resulting in too long optimization time of 
the algorithm, It is difficult to meet the optimization requirements of multiple UAVs in 
combat scenarios. The classical Q-learning algorithm takes the Markov decision process 
as the basis of exploratory learning. Each exploratory trial and error can only update one 
element in the Q-value matrix. When there are many state action pairs in the system, it 
takes a long time to traverse to obtain the optimal solution. This chapter introduces the 
idea of bee colony into Q-learning algorithm. When updating the Q-value matrix, 
multiple bees will explore and learn at the same time. In each iteration, multiple state 
action pairs will be updated, and the update speed of Q-matrix will be greatly improved, 
so as to approach the optimal state action pair faster. 
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1. Introduction 

In the process of multi-UAV coordinated operations, according to the drone and task 
coordinates, the task is divided into several[1] sub-tasks according to the principle of shortest 
distance and resource balance, and then issued[]2 to the corresponding drones, and then each 
drone The subtasks are executed in sequence according to the issuing order, which forms the 
original task allocation plan. (It is recommended[3] to draw a framework diagram or flowchart 
of multi-UAV task allocation here)However, in the application scenario of randomly issuing 
tasks, the system will randomly issue new tasks. When the drone executes tasks[4] in the order 
of tasks in the original task allocation plan, it lacks consideration of the important[5] constraint 
of task completion value. The task completion is low. Therefore, this chapter mainly focuses on 
the dynamic assignment of multi-UAV tasks based on the Q-learning algorithm in dynamic task 
scenarios. 

2. Problem Description 

2.1. Task allocation model 

The existing  M drones are 1 2{ , , , }MU U U U   a collection of multiple drones. Denote T as a set of 

tasks, T  1 2, , , NT T T   , a set of tasks, each target has a different value, and is used to represent 

the value of the j-th target. 

2.2. Restrictions 

(1) The total stroke of the fleet is the shortest 

An important indicator for the allocation of coordinated attacks on UAV platforms is to "reduce 
costs as much as possible", in which energy consumption is a key factor. The energy consumed 
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in flight is mainly related to the flight distance. The shorter the stroke, the less energy is 
consumed. Therefore, the shortest total fleet travel is as follows. 

1 1

min
v iN M

k

i k

D T
 

                                                                    (2.1) 

In order to ensure the accuracy and feasibility of the planned results, the amount of fuel 
combustion/battery energy in the calculation is essential for the initial path planning, so the 
energy consumption is calculated along the originally planned path. 

(2) Maximization of target value 

Maximization of target value is also an important indicator platform for UAV mission allocation. 
In the case of sufficient offensive power, the goal value is maximized. The indicators are as 
follows: 

1 1

max
V iN M

K

i k

V V
 

                                                                          (2.2) 

It is the value of the goal. 

(3) Threat restraint 

Considering the radar detection threat in the combat[6] scenario, it can be simplified and 
modeled as a hemispherical area. If the coordinates of the center of the sphere of the radar is, 
and the detection radius is, the threat area can be expressed as: 

 2

0 0 0 0 0( , , ) | ( ) ( ) ( ) ,threatH x y z x x y y z z r z z       
                                  (2.3) 

3. Multi-agent Q learning algorithm based on chain value function 

3.1. Conceptualization 

The original Q-learning belongs to a single-agent structure, and the learning speed is slow. It 
usually needs to traverse the entire action space to find the optimal solution. In order to 
improve the efficiency of original Q-learning in time and space[7], and reduce unnecessary time 
and space loss, many current researches adopt the method of multi-agent collaboration. 
However, this method faces a problem that needs to be solved urgently: since each agent has a 
different reward value after an action, if the value function is updated equally, it will cause the 
value function to quickly saturate, resulting in a phenomenon of local convergence[8]; if only 
the optimal value is used Individuals will lose the information diversity of multi-agents, 
resulting in slower algorithm convergence. For this reason, this article proposes a strategy of 
"biding ranking", which allocates different value coefficients according to the reward value of 
the agent. When updating the value function, the reward value contributed by the agent is the 
product of its actual reward value and the value coefficient. As a preferred method, the value 
coefficient can adopt an exponentially decayed reward value ranking mode, and it is ensured 
that the sum of the value coefficients of the agent is 1. 

3.2. Q-learning overview algorithm description 

Q-learning is based on the discrete-time Markov decision-making process, and realizes online 
optimization by directly optimizing an iterable calculation of the state-action pair function Q(s, 
a), so that the expected reward reaches the maximum value. In a nutshell, Q(s,a) refers to the 
expected value of the reward obtained by the agent performing action a at a certain moment in 
state s (the environment will get the corresponding reward based on the agent’s action 
feedback) Reward R). So the main idea of the algorithm is to store the Q value by constructing 
a lookup table of the state s and action a, constructing a lookup table to store the Q value, and 
then selecting the action that can obtain the greatest benefit as much as possible based on the 
Q value. 
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In the topic studied in this article, task allocation can be regarded as the environment, the target 
and the allocation plan of multiple drones can be regarded as the action of the agent, and the 
state is the existing resources and constraints of the multiple drones, etc. . 

The value function of Q learning satisfies the following formula: 

    
( , ) ( , , ) ( | , )max ( , )

a A
s S

Q s a R s s a P s s a Q s a




    
                                              (2.4) 

In the formula,, are the current state and the state at the next moment, respectively, are the 
probability that the state transfers to the state after performing an action, are the reward values 
obtained from the environment after the state transfers to the state after the action is 
performed, and are the discount factors, S, A They are state space and action space. 

In the iterative calculation of the value function, assuming that the optimal value function of the 
kth iteration is, and the empirical sample obtained by the agent through this trial learning is, 
then the Q value of the value function can be iterated according to the following formula: 
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                                              (2.5) 

Where is the learning factor. Initially, the Q value can be given arbitrarily, and is usually set to 
a smaller value. 

In the subject studied in this paper, task allocation can be regarded as the environment, the 
target and the allocation plan of multi-UAV can be regarded as the action of the agent, and the 
state can be regarded as the existing resources and constraints of the multi-UAV. 

3.3. Chain value function 

At present, the state-action space Q of Q learning (that is, the state-action value function Q(s,a)) 
is mainly realized by the lookup table, and the length of the table is equal to the number of 
elements of the Cartesian product of S×A. Therefore, when the scale of the problem to be solved 
becomes larger, the number of elements in the space Q will increase exponentially, which 
makes iterative calculation difficult and difficult to achieve. For this kind of "curse of 
dimensionality", the most commonly used methods are to use hierarchical reinforcement 
learning methods and to generate Q values through the use of neural network methods. The 
difficulty of the hierarchical learning method is that the decomposition of the optimization task 
and the hierarchical design and connection are often difficult to determine, which makes the 
algorithm easy to converge to the local optimal solution; the neural network method is the 
fusion of common deep learning (Such as DQN), because the learning of neural networks 
requires a large number of samples, the optimization calculation takes a long time, and when 
the state-action pair has a complex mapping relationship, a larger network scale is often 
required to achieve good results. It will increase the difficulty of neural network training. 

For this reason, on the optimization problem of discrete finite action space, this paper proposes 
a method to map high-dimensional state-action space to low-dimensional state-action chain by 
using chain value function. The discrete finite action space optimization problem can be 
regarded as a combinatorial optimization problem in essence. The problem has multiple 
variables, and there are multiple combinations between variables, and each combination 
constitutes a solution of the problem. The process of the agent's choice of action is essentially a 
process of choosing a combination between variables. The combined space (that is, the action 
space) formed by all variables is high-dimensional, and the corresponding state-action space is 
also a high-dimensional space, but the combined space between the two variables is usually 
low-dimensional. A low-dimensional state-action space is designed between the two to 
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correspond to it. All low-dimensional state-action spaces can form a low-dimensional state-
action space chain to map the original high-dimensional state-action space. 

Specifically, in the m-dimensional action space A (A1, A2, A3,...Am), a Qi is assigned between the 
variables Ai and Ai+1 to correspond to it, and the variables are related to each other by their 
respective Qi spaces. The choice of agent action is a Qi-based chain selection process: when the 
action of the variable Ai is determined, the action is taken as the current state of the next 
variable, and the action of the next variable is selected according to Qi+1. 

In fact, each element of Qi actually corresponds to the action combination composed of the 
variable Ai-1 and Ai, which is an evaluation of the pros and cons of the adjacent control variable 
combination. Each element of the Qi space not only represents the pros and cons of the solution 
selected in the current strategy, but also reflects the closeness of the relationship between the 
variables. The larger the element value, the closer the relationship between the variables and 
the higher the evaluation of the corresponding combined action. In the decomposed state-
action space, each variable is a small space of lower dimensions, which is convenient for the 
iterative calculation of the algorithm. The Qi update method after space decomposition is as 
follows: 

1 1 1( , ) ( , ) [ ( , , ) max ( , ) ( , )] 
i

i

i ij ij i ij ij ij ij ij ij i ij i ij ij

k k k k k k k k k k k k k k
a A

Q s a Q s a R s s a Q s a Q s a   


            (2.6) 

In the formula, the superscript i represents the i-th controllable variable, i M, M is the set of 
controllable variables; the superscript j represents the j-th agent, j N, N is the set of agents; 
Rij(sk,sk +1, ak) is the reward function value of the environment feedback after the agent 
performs the action ak from the state sk to sk+1 in the kth iteration;  is the learning factor; 

 is the discount factor. 

4. Based on artificial ant colony algorithm 

Improved action selection strategy 

In the Q learning algorithm, the process by which the agent selects actions based on the value 
of Q is essentially a greedy strategy selection process, as follows: 

            
1
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Q s a
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                                                    (2.7) 

In the formula, ε is the greedy factor; q is a random number between 0 and 1; it is the action 
selected by the probability matrix Pi in the global scope. Among them, the element of Pi 
corresponds to Qi, and the greater the Q value, the greater the probability value corresponding 
to the action, and thus the greater the probability of being selected. 

On the one hand, the greedy strategy can make full use of the experience learned by the agent, 
but on the other hand, it is also prone to local convergence, or "overfitting". In the training 
process of neural network, adding samples and noise is an important method to solve the over-
fitting sum. This work is inspired by the bee colony algorithm, and uses the method of 
participating in sampling through multiple harvesting bees, which largely avoids the problem 
of reinforcement learning entering the local optimum. 

Artificial Bee Colony (ABC) is a novel global optimization algorithm based on swarm 
intelligence proposed by Karaboga in 2005. Its intuitive background comes from the honey-
collecting behavior of bees. Bees carry out different activities according to their division of labor, 
and realize the sharing and communication of bee colony information, so as to find the optimal 
solution to the problem. The standard bee colony algorithm divides the artificial bee colony into 
3 categories by simulating the honey-collecting mechanism of actual bees: collecting bees, 
observing bees and reconnaissance bees. The goal of the entire colony is to find the nectar 
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source with the largest amount of nectar. In the standard ABC algorithm, the honey bee uses 
the previous nectar source information to find a new nectar source and shares the nectar source 
information with the observing bee; the observing bee waits in the hive and searches for a new 
nectar source based on the information shared by the bee; the task of the detective bee is to 
find A new valuable source of nectar, they randomly look for nectar sources near the hive. 

The nectar source actually corresponds to the solution in the display problem, the behavior 
patterns of collecting bees, observation bees, and scout bees, corresponding to the evaluation 
solution in the algorithm, updating the statistical results, and exploring the solution. 

Since the action category has been determined, the nectar search function is omitted in this 
work, and the evaluation of nectar quality corresponds to the final reward for the action. 
Specifically, the goal of the entire bee colony is to find the nectar source with the largest amount 
of nectar, that is, the most valuable task scheduling plan. The third step is to select an action 
and get the corresponding reward, which can be regarded as a number of bees using the 
previous information, that is, the probability of action to pick honey, and the observation bees 
give the value of the task scheduling plan and rank it. The best dispatch plan found was taken 
down by the recorder. Finally, the corresponding state values and probabilities of these 
scheduling schemes are updated. Because the solution space is discrete during the specific 
update, this work uses the Bellman formula of reinforcement learning, and updates the action 
probabilities according to the action value. The formula for calculating the probability of 
selecting a nectar source by the traditional bee colony algorithm is: 

                         
1

i
i SN

jj

fit
p

fit





                                                                            (2.8) 

Where represents the fitness of a nectar source, and SN is the number of collecting bees and 
observing bees. This work takes action value as the basis for calculation. Therefore, for the first 
action selection, the updated probability calculation formula is:, 
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                                                                        (2.9) 

Among them, represents the value of the first action selection i, and N represents the number 
of optional actions; for the t-th action selection, the updated probability calculation formula is: 

                    ,
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                                                                      (2.10) 

This formula calculates the probability of i selected for this action when the last action was k. 

Specifically, the task assignment and task sequencing of the two dimensions are based on the 
above two formulas to complete the work of updating the action probability of each step. 

5. Multi-UAV task allocation problem solving problem solving 

The research content of this article needs to solve two main problems: (1) the allocation of 
drones, that is, which drone will perform the target task; (2) the order in which the drone 
executes the target task. 

In the UAV distribution, this work has constructed a continuous selection of UAV schemes, 
through the selection of UAV distribution algorithm, the UAV distribution sequence is finally 
formed; and the task sorting is based on the continuous selection of task schemes through the 
task sorting algorithm. Finally get the target task sequence. Combine the two sequences to get 
each UAV and its corresponding target mission. In this way, the task assignment action and the 
task sequencing action are separately constructed as independent path planning problems. 
This work uses the A-star algorithm to gradually search to obtain the final solution, that is, the 
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number of targets is used as the number of searches, and the next action is determined each 
time based on the local action of the previous search. 

The A-star algorithm is one of the most effective direct search methods for solving the shortest 
path in a static road network. Its formula is expressed as: 

                         f(n)=g(n)+h(n)                                                                        (2.11) 

Where f(n) is the evaluation function from the initial point to the target point via node n, g(n) 
is the actual cost from the initial node to the n node in the state space, and h(n) is the best value 
from n to the target node The estimated cost of the path. In the A* algorithm to ensure that the 
shortest path (the optimal solution) is found, the key lies in the selection of the evaluation 
function h(n). The A-star algorithm generally starts from the initial node when exploring the 
path. For each step of the search, the current node is used as the base point, and its neighboring 
nodes are scanned, and the distance h(n) between these nodes and the target point is estimated, 
and then a f( n) The largest direction is used as the new base point. Since the value of the base 
point g(n) is fixed at any time of selection, this problem can actually be transformed into the 
need to estimate h((n)) each time a selection is made, and choose h(( n) n) the smallest direction. 

However, under the current problem, we don't know what elements the initial node and target 
node of the task correspond to. On the contrary, what we know and what we know is the 
number of choices that will be made. Therefore, in this work, only the framework in which the 
A-star algorithm selects an action according to the estimation is retained by default. Specifically, 
according to the A-star algorithm, when the first target point is matched with the drone, the 
drone and the target point will be randomly performed according to the recorded probabilities 
of each action Px[0], Py[0] s Choice. Each subsequent selection will be based only on the 
previous action, not the entire historical action or direct selection of the action. The probability 
of matching at the t-th target point is Px[0][x_{t-1}], Py[0 ][y_{t-1}], where x_{t-1} and y_{t-1} 
represent the drone and target point selected when the t-th target point is matched. Finally, 
after several action selections, the action trajectory in the two dimensions of the distribution of 
the drone and the sequence in which the drone executes the target task is constructed, and 
finally combined into a solution. 

5.1. State-action value function and reward function design 

In the scheduling process of drones, it is mainly necessary to solve the two problems of task 
allocation and task execution order of drones. Therefore, the allocation variable X1 and the 
sorting variable X2 are defined. X=(X1,X2) represents a scheduling plan of the problem. Each 
plan is regarded as an action sequence of the intelligence, and the trajectory set of the agent 
constitutes the solution of the problem. 

The prerequisite for finding the best is to be able to evaluate the current solution. This work 
proposes three evaluation indicators for the solution. The first is the total distance traveled by 
the drone. The distance traveled by a drone corresponds to the sum of the distances of two 
adjacent targets in its target trajectory. The total distance traveled by the drone is obtained by 
summing the distances of all drones. D(X). The second indicator is the total reward obtained by 
drones. The reward for each drone is the sum of its target point rewards, R(X). The last is the 
sum of the penalties of the drones. The penalty for each drone is the part P(X) that exceeds its 
driving ability in the distance that it is expected to travel. 

The final objective function is defined as 

fit(X) = 0.01 * D(X) + 100/R(X) + P(X)                                         (2.12) 

A good solution should make the objective function value as small as possible. Therefore, since 
the goal of reinforcement learning is to maximize the reward, the reciprocal of fit will be used 
as the reward for scheduling-because the goal of reinforcement learning is to maximize the 
reward. At the same time, this work also adds a reward coefficient k to this reward. That is to 
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say, for a solution, which is an action sequence X of reinforcement learning, the corresponding 
reward is (k/fit(X), k/fit(X ), k/fit(X), ...). 

The value of this work is based on the estimation of the action value of the Bellman equation, 
namely 

1 1 1 2 1 3( , ) max[ ( , ), ( , ), ( , ),...]
( )

t t t t t

k
Q s a Q s A Q s A Q s A

fit X
                                 (2.13) 

When updating, make the learning rate  

1 1 1 2 1 3( , ) (1 ) ( , ) ( max[ ( , ), ( , ), ( , ),...])
( )

t t t t t t t t

k
Q s a Q s a Q s A Q s A Q s a

fit X
                                (2.14) 

6. Q-learning algorithm simulation experiment and simulation analysis 

In order to test the effect of the algorithm proposed in this chapter on cluster task allocation, 
this section designs simulation experiments for Q-learning algorithm, artificial bee colony 
algorithm and genetic algorithm respectively to test the algorithm of Q-learning algorithm in 
handling UAV cluster task allocation problems. performance. 

6.1. Simulation condition setting 

Assuming that the space grid map model used in this combat area is, and the combat scenario 
is set to a homogeneous UAV cluster to perform related combat tasks against multiple groups 
of stationary ground targets. The UAV cluster participating in this battle and the combat target 
are in a three-dimensional grid space, and the combat target is in a static state. The threat 
source in the combat area considers the threat of obstacles, and the threat source location is 
known. The UAV cluster will take measures during the execution of the mission. Avoidance 
strategy. 

6.2. Simulation result analysis 

1. Algorithm sensitivity analysis 

Reward coefficient (compare the graphs of objective function under different reward 
coefficients) 

 
Figure1 Simulation diagram of different reward coefficients 

2. Comparison of different algorithms 

Convergence curve comparison of objective function (average convergence curve of 10 
calculations) 
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Figure 2 Convergence curve of objective function 

3 algorithm effectiveness analysis 

 
Figure3Q-learning algorithm task allocation effect diagram 

7. Conclusion 

This chapter establishes a multi UAV task allocation environment with known threat areas, and 
studies a multi UAV task allocation method based on improved Q-learning, which introduces 
the idea of bee colony algorithm into the action selection strategy of Q-learning algorithm. 
Finally, the improved Q-learning algorithm is much better than the traditional intelligent 
algorithm in convergence speed and optimization path. 
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