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Abstract. Multi-agent optimization of object transport in known environments is addressed, 

in order to picture the main advantages regarding cooperative work in nontrivial problems 

like the one mentioned.  Computational simulations are used to compare the effectiveness of 

non cooperative, partial cooperative and totally cooperative work; the total time needed to 

complete the tasks is used as the cost function. Stochastic trajectory planners are used to 

solve navigations issues that arise when obstacles are present at the environment; and a com-

puter vision system is used to obtain feedback of the agents and their environment. Both as-

pects needed for practical feasibility.   
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1 INTRODUCTION 

The increasing interest in real life complex problem solutions has encouraged the development 

of multi-agent systems. Multi-agent systems date from the 80’s with [1-3] and works like [4-6] can 

give us a good look of these systems state of the art. According to Sahin [7], some of the most attrac-
tive characteristics these systems posses are its inherent robustness, flexibility and scalability. Keeping 

these in mind, this paper analyses a particular study case; object transport within known environments, 

and measures the effectiveness of algorithms that give the system the ability to cooperate and how 
communication within the system helps to improve their performance. 

Given a know environment with obstacles; it is desired to transport N boxes, using a team of K 

agents. The main multi-agent system’s goal is to deliver all boxes optimizing the time needed to suc-
cessfully complete this task. An evolutionary algorithm is used to decide the order in which agents 

should transport the boxes so time is reduced. In addition a path planner and a computer vision system 

are designed so obstacles can be avoided. 

In order to measure the advantages of non cooperative behavior (when agents do not share goals 
and just try to optimize their own work), cooperative behavior and how communication may affect it, 

four scenarios are simulated. First scenario works as control sample; it is commanded to only one 

agent to transport all boxes; the time needed to complete this task is measured. Second scenario tests 
the non cooperative behavior; all agents are commanded to move the boxes not considering their 

peers’ actions. Third and fourth scenarios test the cooperative behavior. On the one hand, in the third 

scenario agents communicate their current status, but not their intentions. On the other hand, in the last 

scenario agents do communicate their intent. The boxes initial and desired positions are randomly se-
lected. Moreover, some physical tests are also held, using a system of 3 mobile robots. 

2 ALGORITHMS DESIGN 

In this section we present the design of the evolutionary algorithm, the path planner and the 

computer vision system. 

2.1 Evolutionary algorithm 

Well known approaches to nonlinear optimization are evolutionary algorithms [10]. In our case, 

the variable to optimize is the time required to complete the task. Time can be considered proportional 

to: 

                            , (1) 

where the distance  re   resents the distance between the previous box’s desired position and the cur-

rent box’s initial position; the distance wi, represents the distance between current box’s initial and 

desired position, plus the time needed by the agent to grab and release the box.  Furthermore, consider-
ing agents move at a constant speed; and that the environment, all boxes’ initial and desired positions 

are known, matrix D can be easily calculated:  

 ,   (2) 

this way the cost function for the algorithm is calculated much faster, as it becomes: 

  (3) 
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where z is a vector that contains the order in which boxes must be delivered. If there is more than one 
agent, then the cost function is considered as  

  J = max(J1, J2 … JK) (3) 

as it most accurately shows the total time needed to finish the task (the task shall not be considered 
finished as all agents finish their share of work) 

Evolutionary algorithm considers 0.7 probability of crossover, 0.2 probability of mutation, and 

0.1 probability of self reproduction.  

2.2 Path planner 

An RRT (Rapidly Exploring Random Trees) [11-12] is proposed for path planning and obstacle 

avoidance. This is a stochastic algorithm that randomly explores the environments empty spaces. It 
avoids local minima (unlike other algorithms as Potential Fields, as explained by professor Latombe 

[3]), but it is computationally more expensive. In order to find a path between two points, an exploring 

tree is generated from each of those. Once those trees intercept, the path is computed. Some variations 

like RRT-Ext and RRT-Basic [14] have appeared in order to reduce computing time. In this work is 
also proposed using of searching algorithms as NNS (Nearest Neighbor Search) [15] that can also im-

prove computing efficiency. 

2.3 Computer vision system 

State feedback is required to verify the agents’ behavior. In this work we use an 640x480 pixels 

web camera fixed above the workspace and 3 Moway[9] robots. The camera has a free look of the en-

tire workspace surface as seen in figure 1.  

 

Figure 1: Moway robots and computer vision system 

Discretization and resizing of the map are necessary issues, as real time implementation is re-

quired. Computer vision algorithm uses colors to identify the agents; for this purpose, colored papers 

were glued over the agents. Color filtering was done using HSV color scale because of its easy-

suppression of brightness feature, from which binary-images are obtained (as shown in Figure 8). 
Those binary-images are noise-filtered by using erotion and dilation procedures.  That way stable state 

feedback is achieved. Implementation was coded using Emgu[8] libraries in a C# environment. Com-
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munication between agents and the computer vision was achieved thanks to Moways’ communications 
dlls, provided by the manufacturer. 

3 SIMULATIONS 

Several simulations were held for each scenario previously mentioned. These simulations were 
performed using Matlab. Figure 2 shows one of these simulations, square boxes represent the boxes’ 

initial positions, and circles theirs desired positions. Every initial and desired position for each box has 

a different color and is surrounded by an ellipsoid, while lines show the order of delivery. Table shows 
the boxes and the agent positions, as well as the cost function J and the delivery order vector z.  

  Initial position = (09,11) 
  J = 52.7521 aut1 
  z = [7 2 8 6 4 1 9 3 5] 
 

 

Figure 2: Optimized order for 9 boxes transport with 1 agent. 

Figure 3 shows the second scenario, considering 3 agents and the same distribution of boxes as 
figure 2. Each agent’s movements are followed with different colored lines. In many cases we can ob-

serve that an agent reaches a box, but it has already been delivered, this is due to the lack of communi-

cation between agents. 

 

Figure 3: Optimized order for 9 boxes transport with 3 agents (non cooperative). 

                                                
1 aut: arbitrary unit of time 

 Initial 
position 

Desired 
position 

Box 1 (06,05) (08,05) 

Box 2 (04,07) (05,08) 

Box 3 (12,03) (13,04) 

Box 4 (04,00) (04,01) 

Box 5 (15,08) (17,09) 

Box 6 (01,03) (02,04) 

Box 7 (07,07) (07,09) 

Box 8 (02,08) (02,10) 

Box 9 (10,01) (11,01) 
 

 

Dotted lines and underlined z 

numbers show unproductive work 
done by agents  

 
 

Agent z 

1 [ 2 8 6 4 1 7 5 9 3 ] 

2 [ 5 3 9 4 6 1 2 8 7 ] 

3 [ 8 7 2 6 4 1 9 3 5 ] 

 

Agent Pinitial Ji 

1 (05,06) 46.0150 

2 (12,06) 47.1711 

3 (01,10) 44.6166 

 

J = max(Ji) = 47.1711 uat 
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Figure 4 shows the same simulation in the third scenario, in which boxes’ current status is 
communicated between agents. It can be seen that agents no longer try to transport already delivered 

boxes, saving time and energy. 

  

Figure 4: Optimized order for 9 boxes transport with 3 agents (cooperative with partial communications) 

Figure 5 shows simulation in the fourth scenario, in this case agents also communicate which 

box they shall deliver next, as well as which box they are currently delivering. 

 

Figure 5: Optimized order for 9 boxes transport with 3 agents (cooperative with total communications) 

Regarding the path planner, simulations were performed in order to compare different RRT’s 

variations. One of these simulations is shown in figure 6; in which the path is computed by  RRT Ext 
with knn-search[15] (a kind of NNS algorithm) from an initial position at (-0.75, -0.7 5) to a desired 

one (0.75, 0.75).   

Figure 6a shows exploring trees branches while figure 6b shows path found and its post-
processing simplification.  

Figure 7 shows a simulation using cooperative algorithms with full communication between 

agents (same as figure 5), and several obstacles avoidance. 

Agent z 

1 [ 2  6  4 1 ] 

2 [ 5  3  9 ] 

3 [ 8  7 ] 

 

 

Agent Pinitial Ji 

1 (05,06) 22.5900 

2 (12,06) 20.3087 

3 (01,10) 12.0670 

 

J = max(Ji) = 22.5900 aut 

Agent z 

1 [ 1  4  6 ] 

2 [ 9  3  5 ] 

3 [ 8  2  7 ] 

 

Agent Pinitial Ji 

1 (05,06) 15.8371 

2 (12,06) 16.7437 

3 (01,10) 13.4920 

 

J = max(Ji) = 16.7437 aut 
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Figure 6: (a) Exploring tree branches. (b) Path found by exploring branches and simplified route computed after 
post processing. 

 

Figure 7. Box transport in an environment with obstacles 

Regarding physical implementation, figure 8 shows a computer vision interface written in visual 

C#, which also handles the communications with agents and previously discussed algorithms (evolu-

tionary and RRT,). That interface shows camera’s capture (top-left square), robot’s tracking (top-right 

square) and obstacles (bottom-right square). 

 

4 DISCUSSION OF RESULTS AND CONCLUSIONS 

Regarding the non cooperative and cooperative algorithms, figure 9 shows the results obtained 

from the four different scenarios; considering 100% as needed time for 1 agent to deliver the 9 boxes. 

The table in figure 9 shows that on average, non cooperative behavior just saves up to 33.5% of the 

time, while cooperative behavior with partial communications saves 58.4% of time and full communi-
cations saves 64.7% of time. This shows how important cooperative algorithms can be, as they can 

boost the systems efficiently greatly. 

Agent z 

1 [ 1  7  2 ] 

2 [ 9  3  5 ] 

3 [ 8  6  4 ] 

 

Agent Pinicial Ji 

1 (05,06) 17.6342 

2 (12,06) 19.5256 

3 (01,10) 18.1935 

 

J = max(Ji) = 19.5256 aut 
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Figure 8. System Interface (C#) 

          

Figure 9: Time comparison of transporting 9 boxes. 

Another interesting result obtained was the analysis of RRT’s variations (RRT Ext, RRT Basic) 

and their improvement with knn-search. Figure 10 shows that RRT Basic, in average, needs around 
0.905 seconds to find paths and RRT Ext just needs 0.187, being this, a great improvement in time. In 

the other hand their optimized versions with knn-search algorithm show even better performances, 

needing only 0.281 and 0.078 seconds respectively.  

     

Figure 10: Time Comparison of RRT computation. 

Case  
Mean 

Standard 
deviation 

Non cooperative (1) 66.5 5.8 

Cooperative with 
partial communica-

tions (2) 

 
41.6 

 
2.2 

Cooperative with 
full communications 

(3) 

 
35.3 

 
1.4 

 

 
 

 
Mean  

Standard 
deviation 

(1) RRT Basic 
without knnsearch  

 
0.905 

 
0.48 

(2) RRT Ext wit-
hout knnsearch  

 
0.187 

 
0.079 

(3) RRT Basic 
with knnsearch  

 
0.281 

 
0.104 

(4) RRT Ext with 
knnsearch  

 
0.078 

 
0.023 
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5 CONCLUSIONS 

Regarding cooperative and non cooperative behavior, cooperative behavior proves to be signifi-

cantly more efficient. Furthermore, communication between agents are also important as it can in-

crease its efficiently. However, a more complete analysis is needed in order to get generalize 
those conclusions. About RRT’s variations analized, RRT Ext is recommended over RRT Basic, 

and using knn-search is strongly recommended, as it notably decreases computation time required 

for both RRT’s variations. Finally, implementation feasibility of those algorithms is proved by 
successful physical implementations done using the computer vision system and three Moway-

robots. However, it is still required to improve color filtering used or switching to more sophisti-

cated feedback sensors, taking advantage of distributed sensing; specially for those cases where 
having a plan view of the entire workspace with a camera is not feasible or practical. Nonetheless, 

for this particular implementation such configuration was plausible and adequate.  
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