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Abstract. The ability by the simulated soccer player to make rational decisions 
about moving without ball is a critical factor of success.  In this study the focus 
is placed on the defensive situation, when the ball is controlled by the opponent 
team in 2D simulated soccer. Methods for finding good defensive positions by 
the robotic soccer players have been investigated by some RoboCup scholars. 
Although soccer teams using these methods have proved to be reasonably good, 
the collaboration issue in defense has been overlooked. In this paper, we dem-
onstrate that collaboration in defense yields better results. In doing so, we treat 
optimal defensive positioning as a multi-criteria assignment problem and pro-
pose a systematic approach for solving it. Besides achieving better perform-
ance, this makes it possible to gracefully balance the costs and rewards involved 
in defensive positioning. 

1   Introduction 

In real-life soccer game and in simulated soccer likewise players must follow some 
plan. This plan implements the team strategy and requires collaborative effort in order 
to attain common goals. In doing so, the only thing that soccer players who are not 
directly controlling the ball can do is moving to some position. With the total of 22 
players, an average player is spending less than 10 percent of the total time on inter-
cepting or handling the ball; the rest accounts to moving somewhere without the ball 
while not trying to intercept it.  This implies the crucial importance of addressing 
rational positioning without the ball. Thus any improvement in the player behavior 
would presumably have great impact on the whole game.  

In our early study on optimized soccer player positioning in offensive situations, 
i.e. when the ball is controlled by own team, we proposed a method for determining 
best positions [1]. Because that required taking into account several optimality crite-
ria, we were using the Pareto optimality principle. Now we concentrate on defensive 
situations, when the ball is possessed by the opponents. As in the defense players are 
pursuing different objectives, we expect that the approach to choosing best positions 
by players should be also different. Still we will be using the Pareto optimality princi-
ple as a universal tool for balancing risks and rewards in multi-criteria optimization. 
Player collaboration is one more special issue that left unaddressed in our previous 
work. Now we want to propose a mathematical model of optimal player collaboration 
in defense and show the potential gains.  
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The objective of this paper is to provide a complete solution to the rational posi-
tioning problem for simulated soccer (if taken together with our previous study on 
offensive positioning).  

In particular, we want to improve defensive positioning and to measure improve-
ment. Our method boils down to the adjustment of the default position calculated 
using very general information about the situation on the field such as ball state and 
the defender’s home position. The adjustment of this default position is based on two 
ideas. First, we propose that this adjustment should be made with some predicted 
situation on the field in the player’s ‘mind’. For this purpose, we extend the concept 
of the prediction time horizon from our earlier work [1]. Second, given the time hori-
zon, we want to optimize the individual player movements with respect to the global 
criteria that reflect the team success rather than individual performance of the soccer 
player. In doing so, we propose a set of optimality criteria and develop an algorithm 
for finding near-optimal solution. We also measure the performance gain from the 
proposed methods.  

2   Defensive Player Positioning in the Simulated Soccer  

Real-life soccer provides some clues for the simulated version. The major objective of 
soccer player positioning in defense is repelling the attack by the opponent team and 
creating conditions for launching own attack. However, this requires coordinated 
effort because individual players acting by themselves are unable to accomplish this 
goal. Normally the fastest to the ball soccer player in the defending team is trying to 
approach the opponent player who controls the ball, thus forcing him prematurely 
trying to score the goal or pass the ball to some teammate. Therefore, the objective of 
the rest players on the defending side is either to block the way of the ball to own goal 
or to prevent the opponent players from receiving a pass, or create difficulties for 
further handling the ball if such pass had occurred. To accomplish this, each available 
defending player moves to a suitable position on the soccer field near each threatening 
opponent player. In the professional soccer literature, this is referred to as “marking” 
and “covering” [2, 3]. Coordination is necessary to guarantee that each potentially 
dangerous opponent is taken care of and none of the opponents is tended by two or 
more players because of the limited team size.  

We want to implement this rational human player behavior in the RoboCup simu-
lated soccer.  

The RoboCup scholars have developed a few methods for player positioning. A 
good overview can be found in [4]; we have provided some extra details in our previ-
ous paper [1]. We deliberately excluded machine learning approach to soccer player 
positioning investigated by some scholars (e.g. [5, 6]). Some of these methods do not 
treat positioning as a standalone player skill, which makes theoretical comparisons 
difficult. More difficulties arise while trying to elicit meaningful decision making 
rules and especially address the convergence issue of learned rules to optimal decision 
making algorithms based on explicitly formulated principles. 

One of major requirements of positioning is that player behavior must be persistent 
over several simulation cycles; player is not supposed changing its mind in each cy-
cle, anyway. This implies that the true intelligent soccer player should keep some 
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aspired position in mind that it persistently should be moving to. This position 
changes substantially if only the situation in the game also changes substantially.  

We believe that using a two-layer control structure makes it easier to explain how 
this desired position should be calculated.  

On the higher level, some default position is determined based on rather general 
considerations such as the player role in the team formation, ball state vector, and 
game situation (attack, scoring the goal, defense). Methods for determining this de-
fault position by different authors somewhat differ, but their common feature is that 
they do not take into account the detail situation on the field such as the state vectors 
of players. These are some indications that in some RoboCup teams these details are 
taken into account somehow by adjusting the default position with respect to the sur-
rounding players; yet no systematic approach has been published. One exception is 
[4], where a mathematical model for player positioning based on the Voronoi dia-
grams was proposed. The shortcoming of this approach, however, is that the relation-
ship between soccer tactics and the proposed method is not apparent and therefore it 
is difficult to implement. Moreover, the authors in [4] concentrated on offensive posi-
tioning of players.  

Here is a typical example how the high-level positioning problem both in attach 
and defense could be approached. This is a generalization of the ideas originally pro-
posed in two RoboCup team descriptions [7, 8]; both teams had won top places in the 
world competitions.  

Let the team formation prescribe a specific fixed home position on the field for 
each player. This position is reflecting the players' role (e.g. right-wing attacker, cen-
tral defender, and so on). At any time, the default player position is determined by the 
three factors: (1) home position, (2) the current location of the ball, and (3) which side 
is currently controlling the ball.  

Assuming that both goals are lying on x-coordinate axis, the method for calculating 
the default position (xi, yi) of i-th player is given by the formulas:  

xi = w*xhomei + (1-w)*xball + xxi,  

yi = w*xhomei + (1-w)*yball,  
(1)

where w is some weight (0<w<1), (xhomei, yhomei) the fixed home position of the 
player; (xball, yball) is the current ball position; and xxi is the fixed individual adjust-
ment of x-coordinate whose sign and value is different for the offensive and defensive 
situations.  

So the default position is changing over time with the ball and maintains relative 
locations of the players in the formation thus implementing the team strategy. This 
resembles what the human soccer players are doing, especially if the ball is rather far 
away; they just move towards the default position. Persistence of player positioning is 
accomplished by the weight w that translates the ball movement with a reduced im-
pact on the default positions; these changes are continuous over time, anyway. Abrupt 
changes of the default position occur only when the situation changes from attack to 
defense.  

The decision about whether the current situation is attacking or defensive is made 
when the ball is rolling freely. Each player determines when and where the ball will 
be likely intercepted by some player. If this player is a teammate, we have an  
offensive situation; we addressed this case in [1] earlier. If the ball is going to be 
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intercepted by an opponent player, the situation is defensive; this is exactly the case 
we are discussing here.  

Thus on the higher level of control, only the location of the ball and the home posi-
tion are taken into account; teammates and opponents are ignored.  

On the lower level of control, however, other players are the main factor to con-
sider. In the defensive situation, the individual soccer player is constantly fine tuning 
his position in the vicinity of the default position. In doing so, the player is taking into 
account the local situation trying to determine the best position that would most likely 
lead to preventing the nearby opponent player from receiving the ball passed to him 
by the teammate or shoot at the goal. Because reaching this optimal position takes 
some time, persistent actions by the defender are required over several simulation 
cycles. Obviously, we are interested in making sure that the aspired position is opti-
mal not now, but at the future time when it would have been reached and the defender 
reaches the ball.  

From the very brief RoboCup team descriptions it follows that different scholars 
have approached this issue in different way; yet a systematic approach has not been 
developed or at least published yet.  

Two critical issues are related to player positioning in defense: (1) choosing the 
time horizon for predicting the situation on the field and (2) player collaboration.  
 

Choosing the time horizon T for predicting the situation. Obviously the set of all 
possible future positions for each player is infinite; we want to find the way to limit-
ing the size of this set to some tractable finite subset. In doing so, we refer to the set 
of all positions currently reachable by player in time T as the feasible set. This set is 
approximately a circle whose radius is the distance that given player can cover in time 
T. As the player changes his own position, this feasible set is moving accordingly. 
Making decision by the player about where to go is in fact choosing the best position 
in this set.  

Choosing the right time horizon T is worthy of closer consideration. This time cer-
tainly cannot be too large, as we do not know how exactly the opponent team is going 
to act even in the near future, to say nothing about true unpredictable random factors 
present in the game that are making long-term predictions useless. On the other hand, 
too short T makes little sense, as only positions that are very close to current location 
of the defender would be deemed to be feasible; this may result in the lack of persis-
tence of player behavior. Thus we need to use the greatest possible value of T that still 
maintains reasonable accuracy of prediction.   

In our previous paper [1], we have proposed to set the time horizon T equal to the 
time Tb remaining until the freely moving ball will be intercepted by some player; in 
defense, this is a member of the opponent team. It is based on the assumption that 
while the ball is rolling, the situation on the soccer field could be predicted with rea-
sonably high precision based on the logic of the soccer game. Indeed it is reasonable to 
assume that the two fastest players to the ball from both teams would be trying to in-
tercept it. The rest players would tend to move to their default positions determined by 
their role in the team formation and the location of the ball interception point. The 
experience with real-life soccer proves that unless players do so, their team would be at 
disadvantage. Thus we have rather solid grounds for predicting the situation while the 
ball is rolling freely. Note that in an average soccer game the ball is rolling about 90-95 
per cent of all the time; so we indeed can make such predictions most of the time.   
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Further analysis has shown that in many cases this time horizon can be extended by 
some time TT whose precise meaning will be explained later. This TT is slightly less 
that the time needed for the opponent player to further pass the ball to his teammate 
after the interception. (Indeed, the defender wants to prevent this pass from happening 
or if it happens to intercept the ball.) So in general, the actual time horizon is 
T=Tb+ TT, i.e. greater than we proposed in [1]. Thus on the second layer of control in a 
defensive situation the default positions should be adjusted to better fend off the at-
tack by the future time t=Now+Tb+ TT.  

Without such adjustment, default positions create conditions for successfully dis-
rupting the opponent’s attack only incidentally. Individual adjusting can make this 
happen more frequently, thus contributing to the success of the team. We want to 
implement these behaviors in the simulated soccer game.  
 

Player collaboration. Player positioning in defense substantially differs from posi-
tioning in attack by the critical importance of player collaboration. To further explain 
this feature, consider an example. Figure 1 shows the situation when the red team is 
about to score the yellow team’s goal.  

 

 

Fig. 1. The red team is attacking. The ball is rolling up the field and could be reached by red 
#11. Yellow defenders are individually marking closest opponents; thus red #10 is left  
unattended.   

Arrows in the magenta color show the intentions by the yellow team defenders to 
place themselves to fend off the attack. The ball is rolling up the field and is about to 
be reached by red #11. The fastest to the ball yellow #4 is also going to intercept it. 
The yellow defenders #2, #3, and #5 are trying to mark the attackers. They are mak-
ing these decisions individually without taking into account the decisions made by 
their teammates, i.e. without collaboration. Thus each defender chooses to mark the 
nearest opponent. Yellow midfielders #6 and #7 are moving towards their default 
positions waiting for the outcome of the opponent’s attack.  

What happens next is shown in Figure 2. Red player #10 is left unattended and is 
going to receive a pass from red #11 before yellow #4 interferes. Once red #10 re-
ceives the pass, it would be able to score the goal or pass the ball to red #9 whose 
scoring chances would be even better. Thus the red team accomplishes its goal almost 
for certain.   
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Fig. 2. After about 1 second, red #11 passes the ball to the unattended red #10 before yellow 
#4 interferes. The red team is likely to score the goal.   

The attack by the red team could be more likely fended off if the defenders had 
collaborated instead of making individual decisions about marking the opponents. 
Thus each defender must take into account the decision alternatives for the whole 
team (or at least for a group of closely located teammates) and find a solution that 
would balance some global optimality criteria. This collaboration is shown in 
Figure 3. Note that yellow player is going to mark red #10 even though this is not 
the closest opponent. Yellow midfielder #6 joins the defenders by going to mark 
red #9 thus contributing to the team effort. The critical condition is that each 
defending player must know what its teammates are going to do. This requires 
collaboration.  

We want simulated soccer players to exhibit this intelligent collaborative behavior 
in the defensive situations. So far we have not found any suggestions in the RoboCup 
community publications that propose a systematic solution to this problem. In what 
follows, we develop such solution.  

 

 

Fig. 3. Defending players have made a collaborative decision that prevents from leaving red 
#10 unattended. The attack by the red team would likely be fended off.   
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3   The Proposed Positioning Method in a Nutshell  

To contain the complexity of the collaborative defensive positioning problem, we 
split it into two sub problems: (1) making a collaborative decision for a group of de-
fenders and (2) making the decision about the point to move to by an individual  
soccer player.  

The collaborative decision making concerns optimization of the assignment of n 
defenders to cover m attackers. This problem could be formulated, as follows: 

Let ijα  be a decision variable whose value is 1 if i-th defender is assigned to mark 

j-th opponent (1≤i≤n; 1≤j≤m) and 0 if otherwise: 

{0,1}∈ijα . (2)

Thus there are total of n*m such unknown variables. Also let uij be the ‘utility’ result-
ing from the assignment i→j.  

By varying the set }{ ijα , we want to gain the maximal total utility of the collabo-

rative action by n defenders:  
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In doing so, besides (2), the following constraints must be observed:  
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Constraints (4) and (5) mean that each defender must be assigned to mark no more 
than one opponent and each opponent must be marked by no more than one defender.  

This problem is referred to as the Linear Assignment Problem; its precise solution 
is delivered by so-called Hungarian algorithm, whose complexity is O((max(m,n))4). 
[9].   

In the context of our study, however, it is difficult to measure the defender assign-
ment utility with just one criterion. Actually, we have to be balancing rewards and 
risks; this implies several criteria functions that yet to be specified.  

In what follows, we resolve by deriving the criteria functions from soccer tactics 
and offering an algorithm that would provide an optimal solution of the multi-criteria 
assignment problem that is based on the Pareto optimality principle.   

Decision making by the individual soccer player is based on the assignment to 
take care of the specific attacking opponent. The defending player must find the  
optimal point to move to by balancing the risks and rewards incurred with such 
movement. The end point must be reachable within the time horizon T, i.e. before the  
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situation becomes hardly predictable or it is just too late. In what follows, we propose 
a simple method for finding the optimal point with respect to the limited time balance.  

4   Identifying the Feasible Options  

While the ball is rolling freely, the defending player can determine the time Tb until 
the ball will be intercepted and predict the situation rather precisely. In Figure 4 this is 
the time left until the ball reaches point A. This example shows the two main con-
straints for the yellow defender #3. The yellow circle is the reachable area in time 
T=Tb + TT, where the meaning of TT is explained below. The magenta circle is the 
responsibility area where this player must be staying to maintain the team formation. 
The center of this area is given by (1). The intersection of these two circles makes the 
set of feasible positions.  

 

Fig. 4. Feasible alternative positions for the yellow player #3 (shaded area). The ball is rolling 
freely towards red #8 who is going to intercept it in A.  

Early studies [3, 7, 10] have shown that, for any given predicted locations of the 
ball interception point and the opponent player without the ball, it is possible to de-
termine the best location for the defender to mark or cover this opponent. However, 
the limitation factor of the available time Tb+ TT in these studies has been neglected. It 
turns out that, depending on time balance, we have indeed two different cases shown 
in Figures 5 and 6, respectively.  

One of the new ideas that we claim in this paper is the precise definition of the 
soccer terms “marking’ and “covering” as presented below. The existing professional 
soccer literature [2, 3] does not even attempt to precisely define these concepts leav-
ing its interpretation up to the reader. As usual, the need in such definitions arises 
when it comes to mathematical modeling.  

Case 1: Marking. If the defender #3 can reach the best marking position before 
the ball could be sent to the opponent #9 being tended by this defender, the recom-
mended marking point C is lying on the line between the anticipated ball interception 
point A and the predicted location B of the attacker at time Tb (Figure 5).  In this case, 
TT is the time necessary for the ball to reach C after it had been passed by red #8 to 

red #9. Thus the defender himself must reach C in time Tb+ TT.; the shaded feasible 
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area also must be also determined for this extended time horizon. Distance BC must 
be large enough for the yellow player #3 avoiding the interference by red #9 after 
intercepting the ball.  

Case 2: Covering. If the best marking point is beyond the reach of the player in 
time Tb+ TT, the recommended defensive position must be lying on the line segment 
BG connecting the predicted position of the opponent and the center of own goal 
(Figure 6). Instead of marking the opponent we get what is called ‘covering’ [3]. In 
this case, TT is the time necessary for the ball to reach B after it was passed by red #8 
to red #9.  

 

  

Fig. 5. Yellow defender #3 decides to move 
from D to C to block the red opponent #9 from 
receiving pass made by red #8  

Fig. 6. The time balance would not permit 
yellow #3 to reach the position from that it 
could block red #9. Point C allows covering 
the direction to own goal and likely repos-
sessing the ball from red #9 if it receives a 
pass.   

 

While planning collaborative defensive positioning, the recommended point Cij is 
calculated for each pair of i-th defender and j-th opponent. Distance BC must be small 
enough for the yellow defender #3 to prevent the red attacker #9 from freely handling 
the ball. The latter requirement cannot be satisfied if the opponent time advantage is 
too large. If this is the case for ik-th defender and js-th opponent, pair (ik, js) is elimi-
nated from the set of feasible assignments {i→j}.  

5   Criteria for Collaborative Decision Making and  
the Optimization Algorithm  

The utility of assigning n defenders on m attackers is difficult to express it terms of 
single criterion because there are several conflicting factors. We consider just two: 
gain and cost.  Gain could be measured in terms of the threat prevented by taking care 
of an opponent player. Cost is the required time to implement this action; on the intui-
tive level, this time is directly related to risk. We want to maximize total gain and 
minimize total cost (risk) simultaneously.  

We measure the threat imposed by j-th attacking player by using a heuristic crite-
rion that takes into account three factors:  
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(1) the angular size ),( jj yxβ of own goal from the predicted opponent’s location 

),( jj yx ;  

(2) distance from the opponent’s location to own goal ),( jjgoal yxd ; and 

(3) distance between the ball and the opponent’s location ),( jjball yxd .   

We mean that the threat increases with the first factor and decreases with the other 
two. Distance to the goal contributes to threat more than distance to the ball. Thus we 
get:  
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Cost is measured by the time Tij necessary for i-th defender to reach the recommended 
point Cij; if this point is infeasible, this time is set to infinity.  

So we want to maximize the total prevented threat:  
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and to simultaneously minimize the total time expenditure:  
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Balancing these two optimality criteria requires following the Pareto optimality prin-
ciple. Unfortunately, it looks like an algorithm to precisely solve this problem has not 
been developed as yet; all methods that we have found in the literature so far are deal-
ing with special cases only [11, 12, 13]. Thus, assuming so-called preemptive priori-
ties of our criteria, we can use one of these methods [12]. By following this approach, 
we assume that threat is preemptive over time. So we select the opponents one at a 
time in the descending order of the anticipated prevented threat. For each unassigned 
opponent, we find the defender having the minimal time Tij to mark or cover it. The 
process ends when all available opponents or all defenders are allocated. Thus it is 
unlikely that the defeat shown in Figure 2 would have ever happened.  

The critical assumption in the method described above is that each defender has 
same world model. If this is indeed the case, each collaborating player would be get-
ting same solution to the multi-criteria assignment problem. However, if the knowl-
edge of the situation is imperfect, the decisions made by different defenders would 
not necessarily match, thus disrupting the collaboration. This is exactly the case with 
2D RoboCup simulated soccer. In our experiments we have found that the differences 
in the decisions made by different players are frequently incompatible; thus no col-
laboration is possible. This difficulty can be overcome by leaving decision making up 
to one player whose world model is the best. Implementing this decision is all what is 
left up to the rest players. In the defensive situations the player with the best world 
model is normally the goalie. This player assumes the role of the coordinator and 
broadcasts the decisions to teammates via the simulated aural communication chan-
nel. So once i-th defender received from the coordinator the assignment i→j, this 
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defender starts moving straight towards the recommended position Cij. The obvious 
cost that we have to pay for this collaboration is the one-cycle delay in decision  
making.  

6   Experimental Results and Conclusion 

We have conducted experiments with the purpose to estimate the sole contribution of 
the proposed method for the lower-level optimized player positioning compared with 
only strategic, higher-level positioning.  

Measuring the player performance using existing RoboCup teams is difficult be-
cause new features always require careful fine tuning with the existing ones. For this 
reason, we decided to compare two very basic simulated soccer teams. The only dif-
ference was that the experimental team had player positioning on two levels and the 
control team just on one level. Players in both teams had rather good direct ball pass-
ing and goal scoring skills and no dribbling or holding the ball at all. Thus any player, 
once gaining the control of the ball, was forced to immediately pass it to some team-
mate. In this setting, the ball was rolling freely more than 95 per cent of the time, thus 
providing ideal conditions for evaluating the proposed method.  

To further isolate the effects of imperfect sensors, we decided to use Tao of Soccer, 
the simplified soccer simulator with complete information about the world; it is avail-
able as the open source project [14]. Using the RoboCup simulator would require 
prohibitively long running time to sort out the effects of improved player positioning 
among many ambiguous factors.  

The higher-level player positioning was implemented as presented in expression 
(1), which is similar to used in UvA Trilearn [7]; this method proved to be reasonably 
good indeed.  

Because players in the control team were moving to the reference positions without 
any fine tuning, the interception of opponent ball passing by defenders was occurring 
as a matter of chance.  In the experimental team, rather, players were adjusting their 
location about the default positions as described in this paper. As the result, they were 
purposefully attempting to mark the opponents or cover own goal.  

Like in our previous paper [1], the sole purpose of this experiment was to demon-
strate that using smart defensive positioning is in principle better that using just de-
fault positions calculated as (1). Precise measurements of performance, however, are 
only possible with full set of advanced features implemented in the artificial players.   

The team performance was measured by the score difference. Figure 7 shows the 
histogram based on 100 games each 10 minutes long.  

The experimental team has the average score greater by 1.63; however, this differ-
ence has too low statistical significance, as with only 100 games, the distribution 
appears to have too long tails. A little more cautious claim about the score difference, 
however, is significant.  Indeed, at 95% confidence level, the experimental team with 
advanced defensive positioning scores on average at least 1.3 extra goals per game. 
This difference is indeed worthy of trying to achieve!  
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Fig. 7. A histogram of the score difference in 100 games  

 
3 defenders, 4 attackers 2 defenders, 3 attackers 

 

Fig. 8. Two custom-designed scenarios with defenders outnumbered by attackers 

Because the defensive situations in which our improvements are showing up hap-
pen rather infrequently, we also created two scenarios in that proper marking and 
covering opponents is very critical for the defending team. Figure 8 shows two situa-
tions where defenders are outnumbered by attackers who are about to score the goal.  
In these experiments, no goalie was at the goal line for the defending team; the ball 
was randomly placed in front of an attacker, with randomly positioned attackers. The 
situation, whose duration was 200 cycles (10 seconds), was repeated 500 times. In the 
end of each repetition the statistics on the goal scored was gathered. 

The results for the control and experimental team are shown in Table 1.  

Table 1. Experimental results with special scenarios 

Defending team Average goals scored Standard deviation 

3 defenders, 4 attackers 

Control 0.400 0.015 

Experimental 0.304 0.015 

2 defenders, 3 attackers 

Control 0.568 0.016 

Experimental 0.280 0.014 
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These results indicate that there is a statistically significant (at more than 99% con-
fidence) improvement in the team performance. Indeed, the modifications made to the 
experimental team reduced the probability of scoring the goal by the attackers 1.3-2.0 
times. Best results are achieved when the numerical superiority of attackers is greater.  

This proves the viability of the proposed method for defensive positioning in simu-
lated soccer.   
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