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As one of the major contributions of biology to competitive decision making, evolutionary game theory provides a useful tool 
for studying the evolution of cooperation. To achieve the optimal solution for unmanned aerial vehicles (UAVs) that are car-
rying out a sensing task, this paper presents a Markov decision evolutionary game (MDEG) based learning algorithm. Each in-
dividual in the algorithm follows a Markov decision strategy to maximize its payoff against the well known Tit-for-Tat strate-
gy. Simulation results demonstrate that the MDEG theory based approach effectively improves the collective payoff of the 
team. The proposed algorithm can not only obtain the best action sequence but also a sub-optimal Markov policy that is inde-
pendent of the game duration. Furthermore, the paper also studies the emergence of cooperation in the evolution of 
self-regarded UAVs. The results show that it is the adaptive ability of the MDEG based approach as well as the perfect balance 
between revenge and forgiveness of the Tit-for-Tat strategy that the emergence of cooperation should be attributed to. 
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1  Introduction 

In recent years, there has been a tremendous interest in the 
utilization of unmanned aerial vehicles (UAVs) [1–4] over a 
distributed environment to cooperatively implement servic-
ing tasks such as surveillance and reconnaissance. With the 
advances of relatively technologies, an individual UAV can 
be seen as an intelligent rational agent, which is concerned 
with its own fitness when making decisions. Generally, the 
fitness is mainly related to the reward received and the en-
ergy consumed. In many applications, the individual fitness 
of one UAV depends not only on its own action but also on 

the strategies of the neighbors. Such strategic interactions 
are typically modeled by game theory, where sharp conflicts 
between individual interests and collective welfare are often 
observed in many scenarios known as dilemmas. Thus, it 
has become a hot topic in the field of cooperative control 
and learning algorithms [5,6] how to ensure cooperation 
among self-regarded agents.  

As a matter of fact, cooperation plays a vital role in the 
formulation of complex biological structures, ranging from 
multi-cellular organisms to human societies [7]. Hence, the 
evolution of cooperation has been intensively addressed by 
researchers from natural and social sciences. In particular, 
as the most stringent scenario of conflicts, the prisoner’s 
dilemma (PD) has long been considered to be a paradig-
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matic metaphor for studying cooperation. In its original 
form, the PD is a two-player non-zero-sum game, where 
each confronts two choices: Cooperation (C) or defection 
(D) and makes its choice without knowing a priori how the 
other will act. There are four possible outcomes for the 
conventional version of this game: (1) Mutual cooperation 
(C, C), (2) mutual defection (D, D), and (3) the situation in 
which one cooperates while the other defects (C, D) or (D, 
C). Mutual cooperation offers each a reward R and mutual 
defection pays each a punishment P. In the case of (3), 
where one chooses to cooperate and the other prefers to 
defect, the cooperator gets the sucker’s payoff S while the 
defector gains the temptation T. Under the framework of 
classical game theory, which involves the study of mathe-
matical models of conflict and cooperation between rational 
decision-makers [8], defection D yields the dominant strat-
egy. This leads to the dilemma that if both choose to defect 
in the light of rationalness, then both do worse than if both 
cooperated [9]. One possible way out for this dilemma is the 
iterated prisoner’s dilemma (IPD), where players meet more 
than once and play repeatedly, supposing that they remem-
ber the results of previous encounters. Much more attention 
has been given to the paradox of the IPD for the light it may 
shed on the evolution of altruistic or cooperative behavior 
since Nowak discovered the astonishingly complex and 
spatially chaotic patterns in an evolutionary spatial IPD, 
where cooperation and defection persist indefinitely [10].  

Up to now, the evolution of cooperation has been typi-
cally approached from a Darwinian evolutionary perspec-
tive within the framework of evolutionary game theory [11]. 
Different from classical game theory, in an evolutionary 
game players have only bounded rationality and repeatedly 
engage in strategic evolutions to eventually achieve a re-
fined equilibrium. This progress typically follows the repli-
cator dynamics (RD) [12], which originally models how 
natural selection affects the frequency of animals (players) 
in each habitat (game strategy). As its name suggests, evo-
lutionary game approaches have been mostly applied to 
situations including biological [13], economical [14], and 
social systems [15], where understanding the conditions for 
the emergence and persistence of cooperative behavior 
among selfish individuals is a central problem [16]. Since 
the evolutionary game theory allows the players to learn 
from the environment and make individual decisions with 
little information exchange, it has also been successfully 
extended to technological problems in many engineering 
scenarios. Yang and Li [17] solved the vertex cover prob-
lem in a distributed networking system by providing an 
evolutionary snow drift game based optimization frame-
work. The optimal solution belongs to the set of Nash equi-
libria and is guaranteed by the memory-based best response 
update rule. The set k-cover problem in the field of wireless 
sensor networks has also been tackled within the framework 
of evolutionary game theory, where suboptimal or optimal 
solutions can be obtained using log-linear learning [18,19] 

or N-person card game approaches [20,21]. Semasinghe et 
al. [22] addressed distributed resource allocation in 
self-organizing small cells by proposing an evolutionary 
game theoretic approach, where RD is employed to model 
the strategy adaption. Obando et al. [23] formulated tem-
perature control in buildings as a dynamic resource alloca-
tion problem and designed an RD based control law. Other 
problems that have been studied using evolutionary game 
theory include joint spectrum sensing and access in cogni-
tive radio networks [24], adaptive filtering networks in 
wireless sensor networks [25], and cluster analysis in the 
field of pattern recognition [26]. 

However, classical evolutionary game theory has great 
difficulties in dealing with the IPD game involving a long 
decision process, where players make decisions more than 
once and a pure strategy corresponds to the action sequence 
taken during the whole game duration. For an IPD game 
with size n, there are 2n pure strategies available for one 
player, which makes it a computationally expensive task to 
study the evolution in the IPD by using classical evolution-
ary game theory and traditional optimization methods 
[27–29]. By introducing randomness into deterministic 
evolutionary games, Shapley develops stochastic evolution-
ary game theory in 1953 [30]. As one typical class of sto-
chastic evolutionary games, Markov decision evolutionary 
games (MDEGs) [31] prove an efficient approach for de-
signing learning methods by assuming that individuals play 
and make decisions according to a Markov decision process. 
So far, the MDEG theory has been applied in energy man-
agement in distributed networks [32], analysis of 2×2 spa-
tial games [9] and so on. In the open literature, learning 
algorithms and relative characteristics of the IPD game have 
also been studied by using computational evolutionary ap-
proaches or mathematical approaches [33–35]. However, to 
the best knowledge of the authors, the MDEG theory and 
learning methods for the IPD have been studied inde-
pendently.  

The main contribution of this paper is threefold. Firstly, 
we formulated the strategic interactions among UAVs in a 
task of surveillance and reconnaissance as an IPD game. 
Secondly, we developed an MDEG learning method for one 
of the UAVs to achieve the optimal solution with respect to 
the collective fitness. Finally, we analyzed the emergence of 
cooperative behavior among selfish individuals using nu-
merical simulation results. In the proposed learning algo-
rithm, each individual in the population randomly interacts 
with the same opponent in an IPD game of length T by fol-
lowing a Markov decision process, i.e., one selects an action 
in the action space with a probability that depends only on 
the current state. By introducing a stochastic process and 
representing one player’s strategy by a probability vector, 
the MDEG based approach simplifies the computational 
process and improves the performance of the algorithm. 
Computational experiments show the proposed learning 
approach not only improves the game payoff of the tagged 
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UAV but also makes great contributions to the improvement 
of the collective payoffs of the team. 

The structure of this paper is as follows. In Section 2, we 
give the basic theory of evolutionary games, including the 
evolutionary stable strategy (ESS) and the replicator dy-
namics. Section 3 formulates the strategic interactions be-
tween two UAVs as an IPD game and presents the archi-
tecture of the proposed approach in details. Results and 
discussions are given in Section 4, which is followed by 
conclusions in Section 5.  

2  Evolutionary game theory 

In evolutionary game theory, the games are considered from 
a perspective different from ordinary game theory, where 
rational players meet only once in a game and decide the 
best strategy by taking into account other’s behavior [36]. 
Instead, evolutionary games involve a population of indi-
viduals, each programmed to adopt a strategy and interact 
randomly with other individuals. The probability of a par-
ticular individual’s survival and reproduction depends on 
the earned payoff in the game. Furthermore, the evolution-
ary game is not concerned with the players’ choices but 
focuses on the evolutionary characteristics of the popula-
tion’s behavior, especially on the asymptotic state in the 
long run. 

Consider a large enough population of n individuals (also 
called players), we assume that each individual has an iden-
tical action set A={1,2,···,m}. Different from classical game 
theory, the players here have limited rationality, i.e., they 
are not smart enough to select the best strategy at once. In-
stead, at every time instant t, interactions occur between 
individual i, i=1, 2,···, n, and another player randomly 
drawn from the population. This can be represented by a 
two-player non-zero-sum bimatrix game. Suppose each 
adopts a mixed strategy p, which corresponds to a probabil-
ity distribution over the action space A. Denote by R(p,q) 
the expected payoff of the individual with mixed strategy p 
when encountered with a player with strategy q. During 
each interaction, whose payoff matrix is defined as M, the 
payoff for the tagged individual with strategy p is calculated 
by R(p,q)= pTMq, where mixed strategy p=(p1, p2,···,pm)T, 
with pi representing the probability of choosing the ith pure 

strategy in the action set A and 
1

1
m

i
i

p


 . Strategy q is 

similarly defined. 
Central in the standard evolutionary game theory are the 

ESS and the RD, which describe the asymptotic strategy 
and the evolution dynamics of the game respectively. The 
ESS, first proposed by Smith and Price in 1973 [11], is a 
genetically-determined strategy that tends to persist once it 
is prevalent in a population. It is defined by stability against 
any mutant strategy q, which appears in the population 

while all the other individuals adopt strategy p. A mixed 
strategy p is said to be evolutionary stable if, whenever a 
small group of mutants appear, the individuals with strategy 
p get payoff strictly higher than the mutants. Thus, an ESS 
in a population is defined as follows. 

Definition 1 (ESS of a population) [31]. A mixed strat-
egy p is called an ESS of the population if and only if the 
following condition holds:  

 
       

  
   
     

    

0, (0, ), ,

, (1 ) , , (1 ) , ,R R R R

q

q q q

p

p qp p p
 (1) 

where ε is the fraction of mutant strategy q.  
If mixed strategy p is a Nash equilibrium, then 

    
 



,

, , .R R

q

p q

p

p p
 (2) 

The ESS is a stronger definition compared with the Nash 
equilibrium, and the relationship between the ESS and Nash 
equilibrium can be deduced from the following Theorem 1. 

Theorem 1 [31]. The condition in eq. (1) holds if and 
only if the following condition holds: 

      , , , ,R Rq p qp p p  (3) 

or 

         , , , , , .R R R Rpq qp qp qp  (4) 

Remark 1. Obviously, when condition (3) holds, mu-
tants gain a lower fitness compared with that of the original 
population. Hence, the number of the mutants tends to de-
crease, making strategy p immune to any mutant strategy q. 
On the other hand, when condition (4) is satisfied, there will 
be more frequent competence between p and q as the popu-
lation of mutants grows. In these cases, the condition 
R(p,q)>R(q,q) guarantees that the population of mutants 
narrows down to 0.  

Remark 2. An ESS must be a Nash equilibrium, as con-
ditions (3) and (4) indicate the sufficient condition for the 
Nash equilibrium in eq. (2). However, a Nash equilibrium is 
not necessarily a ESS, for when R(p,p)=R(q,p), eq. (4) can-
not be guaranteed to hold.  

Replicator dynamics describes the selection process and 
evolution of strategy distributions in the considered popula-
tion. Let the state of the population be represented by p=( p1, 
p2,···,pm)T, where pi is the proportion of the individuals with 
the ith pure strategy. Note that a state p can also be consid-
ered as a mixed strategy, where pi means the probability of 
one random player choosing the ith pure strategy. In each 
iteration generation, the growth rate of the individuals with 
strategy i is supposed to be in proportion to the difference 
between the expected payoff earned by an individual with 
strategy i and the average payoff of the whole population. 
Hence, the replicator dynamics is represented as 
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where ei is represented by an m-dimensional unit vector 
with the ith entry equal to 1, meaning selecting the ith pure 
strategy. For example, with 
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adopts the first pure strategy, while 
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dicates choosing the last pure strategy. 

3  Learning approach in cooperative sensing of 
UAVs  

This section firstly presents the game model of UAV coop-
erative sensing. To achieve the optimal solution regarding 
the global performance, we propose a learning algorithm 
based on the MDEG theory. In the algorithm, each play 
follows stationary Markov policy, which is updated using 
the RD equation.  

3.1  Markov policy 

In the MDEG theory, the decision making process is mod-
eled as a Markov decision process [31]. A Markov decision 
process model consists of: (1) A set of possible states S, (2) 
a set of possible actions A={1,2,···,m}, and (3) a real valued 
reward function R(s,a), s∈S, a∈A, and a set of transition 
probabilities P(s′|s,a), s∈S, a∈A, which represents the 
probability of the state transiting from s to s′ when using 
action a. In a decision process, a player chooses an action a
∈A at each time instant t, according to the historical infor-
mation ht. Generally, the history information ht consists of 
the set of sates (s0, s1,···,st–1) previous to time t, the sequence 
of executed actions (a0, a1,···,at–1), and the current state st. 
Denote by u=(u1, u2,···,uT) a general decision policy, where 
T is the length of the relative process and ui is the decision 
function mapping history hi to the set of distributions over A. 
Specifically, ui is given as follows: 

  1 2 ·( ··, , , ),m
i i i iu u u u  (7) 

where j
iu  is the function mapping history hi to the proba-

bility of choosing the jth action at time i, i.e., the ith interac-
tion, and m=|A| is the number of possible actions. In an IPD 
game, each player adopts a decision policy and takes actions 
in accordance with the selected policy and the history. 

A process is called a Markov decision process, if the 
history ht is reduced to contain only the current state st, i.e., 
one does not rely on the past information when making de-
cisions, but selects actions over the set of possible action A 
based on its policy u and the current state s only. In this case, 

the policy u is called a Markov policy, which is described as 
follows: 

 :  ,iu S A  (8) 

 :  ,T Tu S A  (9) 

where ...T

T

S S S    represents the possible state set of 

the whole decision process, with 1 2( , , ..., ) T
Ts s s S , and 

...T

T

A A A    is the set of available action sequences and 

1 2( , , ..., ) T
Ta a a A . 

A Markov policy u is called a stationary Markov policy, 
if the element ui is time independent, i.e., one makes deci-
sions according to an identical mapping function ui, u1= 
u2=···=uT. Similar to the standard game theory, a stationary 
Markov policy u is defined as a pure stationary Markov 
policy, if ui maps the current states to a given action. In the 
same token, a mixed stationary Markov policy refers to the 
ones in which ui maps the current states to the set of proba-
bility distributions over the available action space.  

3.2  Game formulation 

Consider two UAVs, i.e., UAV 1 and UAV 2, that are sent 
to carry out a surveillance and reconnaissance task over a 
specific region R. At each decision moment t, each UAV 
could choose from actions of cooperation (C) and defection 
(D). Specifically, each has a basic payoff r0 if they both 
choose D. Cs sense the region while Ds do not but overhear 
the information from Cs’ communication with the ground 
station. Sensing the region alone costs a UAV a certain 
amount of energy c while cooperative sensing costs each c/2. 
Obtaining the detection information yields a reward of r and 
overhearing the detection result costs m. As a result, the 
interaction at each time t can be modeled by a payoff matrix 
in Table 1. It is easy to check that it is a PD game if and 
only if c>r. Accordingly, the interactions in UAV sensing 
over a time duration of T can be modeled by an T-IPD.  

3.3  MDEG based learning algorithm 

Define state st of the game at iteration t as the action pair 
executed by both players at time t–1 as follows: 

 1 2
1 1,t t ts a a   (10) 

where 1
1ta  and 2

1ta   are the actions taken at time t–1 by  

Table 1  Payoff matrix of the sensing game for UAVs 

UAV 1\UAV 2 C D 

C (r–c/2+r0, r–c/2+r0) (r–c+r0, r–m+r0) 
D (r–m+r0, r–c+r0) (r0, r0) 
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UAV 1 and 2, respectively. Specifically, for each player in 
the interaction there are two available actions and four pos-
sible states, which are given as follows: 

 { , },A C D  (11) 

 { , , , }.S CC CD DC DD  (12) 

A mixed stationary Markov policy in this game is a 
four-dimension vector ( , , , )CC CD DC DDp p p p , with each ele-

ment ps corresponding to the probability of selecting action 
C in the state of s. Consider a population of n individuals, 
each of which adopts a pure stationary Markov policy. Such 
a pure policy assigns each state in S a given action. For 
example, (0,0,0,0) is the strategy that always defects, 
whereas strategy P=(1,0,1,1) defects only after receiving a 
“sucker’s payoff” at the state of CD, but cooperates in the 
other states CC, DC or DD, which is illustrated as in Figure 
1. In that case, the whole population can be seen as a mixed 
stationary Markov policy ( , , , )CC CD DC DDP p p p p , with 

sp  being the proportion of the individuals preferring to 

choose action C when encountered with state s.  
Suppose the given strategy for UAV 1 is Tit-for-Tat, 

which is a highly effective strategy for the IPD first intro-
duced by Rapoport in Robert Axelrod’s two tournaments 
held in the 1980s. An agent using this strategy will first co-
operate, and then subsequently replicate an opponent's pre-
vious action. An illustration for the action sequences taken 
by both players in a 10-IPD is shown in Figure 2, where 
UAV 2 with a pure stationary Markov policy (1,1,0,1) plays 
against the Tit-for-Tat strategy. Note that Markov policy 
(1,1,0,1) takes a random action D at the beginning of the 
game, while the Tit-for-Tat strategy starts with action C. 
UAV 2 chooses to defect only when it took action C and 
was betrayed by UAV 1 by action D in the previous en-
counter. 

To ensure cooperation and the optimal solution with  

 

Figure 1  Actions corresponding to pure policy (1,0,1,1). 

 

Figure 2  Action sequence taken by UAV 1 with Tit-for-Tat and UAV 2 
with Markov policy (1,1,0,1).  

regards to the collective payoff of both UAVs, we devise a 
learning algorithm for UAV 2 by using the MDEG theory 
the RD equation. The algorithm involves a large population 
of individuals, who randomly interact with UAV 1 in a 
T-IPD game with a length of T. The population is randomly 
initialized as a mixed stationary Markov policy 1P   

1 1 1 1( , , , )CC CD DC DDp p p p , with 1 1 1, , ,CC CD DCp p p  and 1
DDp  ran-

domly chosen between 0 and 1. The subscript in the policy 
P1 denotes the 1st evolution generation. In each generation, 
individuals are randomly drawn from the population to play 
the IPD game with Tit-for-Tat. Similar to the replicator dy-
namics in the standard evolutionary game theory, the mixed 
stationary Markov policy in the tth generation is updated as 
follows:  

 ( ( , ) ( , )), ,t t t
s s s G Gp p R E P R P P s S    (13) 

where ( , )s GR E P represents the expected payoff of poli-

cy sE  against a given policy GP . ( , )t
GR P P is the average 

payoff of the whole population. Note that sE refers to the 

case where each individual in the population adopts the 
same pure policy relative to state s while keeping the rest 
unchanged. In terms of the mixed strategy of the whole 
population, sE is expressed specifically as follows: 

 

(1, (2), (3), (4)),

( (1),1, (3), (4)),

( (1), (2),1, (4)),

( (1), (2), (3),1).

t t t
CC

t t t
CD

t t t
DC

t t t
DD

E P P P

E P P P

E P P P

E P P P









 (14) 

The steps involved in the proposed MDEG based learning 
approach for UAV 2 are given below. 

Step 1. Represent the evolutionary polices of UAV 2 by 
a population of individuals of size n . 

Step 2. Initialize the population with a mixed stationary 
Markov policy , 1tP t  . 

Step 3. Each individual in the population is governed by 
the same Markov decision process according to policy tP . 
Individuals are randomly drawn to play the T-IPD game 
against the given strategy GP .  

Step 4. Calculate the expected payoff of a random indi-
vidual in the population during a T-IPD game against strat-
egy GP as follows: 

 


 
1

1
( , ) ( , ),t

n
t i

G GP
i

R P P r P
n

 (15) 

where  t
i

P
 is the action sequence executed by the ith indi-

vidual in accordance with the current Markov policy tP , 
and r is the payoff function. Note that the action sequences 
selected by individuals differ from one another due to the 
randomness of the adopted mixed Markov policy. 
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Step 5. Calculate the average payoff of policy sE  below 

 


 
1

1
( , ) ( , ),

s

n
i

s G E G
i

R E P r P
n

 (16) 

where 
s

i
E  means, by the same token, the ith individual’s 

action sequence following Markov policy sE , whose spe-

cific expressions are shown in eq. (14). 
Step 7. Choose and save the best action sequence as 

 best
tP

. 

Step 8. Update the mixed Markov policy tP according to 
the replicator dynamics given by eqs. (13) and (14), where 
the rate of change is proportional to the difference between 
the expected payoffs of policy sE and the average payoff 

earned by the whole population; set : 1t t  . 
Step 9. If the terminal criterion is met, go to Step 10; 

otherwise, return to Step 3. 
Step 10. Output the current Markov policies tP  and the 

best action sequence  best
tP

. 

The flow chart of the proposed approach is shown in 
Figure 3. 

4  Experimental results 

This section presents the experimental results of the pro-
posed MDEG based approach for the IPD game. Individuals 
from the population plays an IPD game of length T=30 
against a given strategy Tit for Tat. The individuals use the 
MDEG theory to evolve their strategies for the purpose of 
maximizing the overall payoff. A population with size  

 

Figure 3  Flowchart of our proposed MDEG based approach. 

n=100 is simulated in a 30-IPD game, and the payoff matrix 
for a PD game is given as in Table 2, where r=5 and c=6, 
r0=m=1. Table 3 shows the parameter setting of the simula-
tions. 

Figures 4–6 show the convergence behavior of the popu-
lation in an MDEG against the Tit-for-Tat strategy. The 
evolution of Markov polices in Figure 4 shows that as the 
evolution continues, the probabilities PCC, PCD, PDC, and 
PDD progressively evolve to 1. That is, the mixed stationary  

Table 2  Payoff matrix of the PD game 

Player 1\Player 2 C D 

C (3,3) (0,5) 

D (5,0) (1,1) 

Table 3  Parameter setting 

Parameter Meaning Value 

n population size 100 
T game length 30 
Δt simulation step size 0.1 s 
tmax simulation length 30 

 

Figure 4  (Color online) Convergence behavior of the Markov policy. 

 

Figure 5  (Color online) Convergence behavior of the average payoff. 
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Figure 6  (Color online) Convergence behavior of the best payoff in a 
large population. 

Markov policy represented by the whole population con-
verges to a pure Markov strategy (1,1,1,1). The result indi-
cates that in the assumption of a Markov process, every 
individual in the population comes to an agreement of 
seeking cooperation after a long time of evolution [37]. 

It is interesting to note that the Tit-for-Tat strategy is es-
sentially a pure stationary Markov strategy (1,0,1,0), which 
starts with action C and the following actions only depend 
on the previous action taken by the opponent. Tit-for-Tat 
always chooses to cooperate if encountered with the states 
of CC and DC, and insists on defecting when the state is CD 
or DD.  

As shown in Figure 5, the average payoffs of UAV 1 
with the Tit-for-Tat strategy, UAV 2 represented by the 
evolving population, and the collective payoffs of both 
players all demonstrate an increasing tendency through the 
evolution of the selfish individuals, whose purposes are to 
maximize their own payoffs. The detailed evolution process 
of the Markov policies and payoffs are given in Table 4.  

There are mainly two reasons for the emergence of the ob-
served win-win cooperation. In the first place, it is attribut-
ed to the Tit-for-Tat strategy which starts with cooperation 
and keeps a perfect balance between revenge and for-
giveness in the following interactions [38]. In the second 
place, the credit goes to the adaptive ability of the proposed 
MDEG based approach, which dynamically updates its pol-
icy according to the difference between the expected payoff 
of a particular individual and the average payoff of the pop-
ulation.  

The proposed learning approach also figures out the best 
action sequence in T-IPD game against the Tit-for-Tat 
strategy, which is presented in Figure 6 and Table 5. Figure 
6 shows that when UAV 2 adopts the best action sequence 
resulting from the current Markov policy of the population, 
the payoffs of both UAV 1 and UAV 2 increase with the 
evolution. Table 5 presents the evolution of UAV 2’s best 
action sequence by detailing the action sequences of five 
sampled generations, i.e., 0, 5, 10, 20 and 30. As the Mar-
kov policy evolves with the iteration, the best action se-
quence converges to such a pattern, where one cooperates in 
order to earn the “reward” but defects in the last encounter 
to cheat the opponent out of the “temptation”, thus maxim-
izing its overall payoff.  

Remark 3. Although the other approaches such as the 
genetic algorithm (GA) in [33–42] can also achieve the best 
action sequence against Tit for Tat, the proposed learning 
algorithm indeed has advantages over the GA. The pro-
posed algorithm not only obtains the best action sequence 
but also a sub-optimal Markov policy that is independent of 
the game duration. Hence, even the game length extends to 
T=100, UAV 2 can still make use of the sub-optimal Mar-
kov policy p=[1,1,1,1] to improve its payoff as well as the 
global performance. However, the result from the genetic 
algorithm is only suitable to a fixed game length T=30. In 
addition, the GA suffers from the need for excessive com-          

Table 4  Evolution process of the 30-IPD game 

Generation 
UAV 2 UAV 1 Average collective 

payoff Markov policy Average payoff Best payoff Average payoff Best payoff 

0 (0.3433,0.4378,0.2139, 0.8356) 68.61 79 66.01 79 67.31 
5 (0.6800,0.9768,0.8619,1.0000) 83.95 88 82.65 83 83.30 
10 (0.9861,0.9986,0.9979,1.0000) 89.23 92 89.18 87 89.20 
20 (1.0000,0.9996,1.0000,1.0000) 89.55 92 89.55 87 89.55 
30 (1.0000,0.9998,1.0000,1.0000) 89.50 92 89.50 87 89.50 

Table 5  Evolution of the best action sequence of UAV 2 

Generation Best action sequence of UAV 2 

0 CDCDC CDCCD CDCCC DCDCC CCCDC DDCCC 

5 DCCCC CDCCC CCCCC DCCCC DCCCC CCCCD 

10 CCCCC CCCCC CDCCC CCCCC CCCCC CCCCD 

20 CCCCC CCCCC CCCCC CCCCC CCCCC CCCCD 

30 CCCCC CCCCC CCCCC CCCCC CCCCC CCCCD 
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putational power with the increase of the game length [43].  

5  Conclusion 

To achieve the optimal solution for UAVs that are carrying 
out a sensing task, this paper formulated the interactions as 
an IPD game and presented an MDEG theory based learn-
ing approach. Also, the emergence of cooperation among 
selfish and competitive individuals was also studied. In the 
proposed learning algorithm, UAV 2 plays the game in ac-
cordance with a Markov decision process and adopts a 
mixed Markov policy. This policy is represented by a large 
population of selfish and boundedly rational individuals 
with pure Markov policies. The Markov policy is updated 
according to the difference between the expected payoffs of 
a particular policy and the average payoff earned by the 
whole population. Simulation results with the IPD game 
showed that by evolving its strategy according to the 
MDEG theory, UAV 2 not only improves its own game 
payoff but also makes great contributions to the improve-
ment of the collective payoffs of the team. The obtained 
results lead us to remark the good performance of MDEG 
based learning method in terms of accuracy, efficiency and 
contribution to the explanation of emergence of cooperation 
in nature and social life. 

The cooperation resulting from the Markov decision 
based evolutionary game is attributed to the following two 
aspects:  

The Tit-for-Tat strategy has a perfect balance between 
revenge and forgiveness. 

The proposed MDEG based approach has the adaptive 
ability to dynamically update its policy according to the 
difference between the expected payoff of a particular poli-
cy and the average payoff of the population. 

Our future work will focus on the extension of the 
MDEG theory to spatial games and its application to other 
cooperative control problems of UAVs. 
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