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This paper presents a market-based approach for multi-robot cooperation. The approach uses 

auctioneering as the decision-making mechanism for assigning robotic tasks. A task may be 
carried out either by one robot or cooperatively by multiple robots, depending on the task 

requirements and the available robotic resources. The system autonomously determines the 

appropriate number of robots and selects the most suitable robots in the fleet to carry out the 
task, while accommodating partial or full failure of robots during the task execution, in an 

unknown, dynamic and unpredictable environment. The system does this efficiently by 

choosing the candidate robot that best matches the demands of the task. The feasibility of the 
developed scheme is demonstrated by implementing the approach on a team of simulated 

mobile robots that transport multiple objects to a goal location.   

 

Keywords: Market-based decision making; multi-robot cooperation; object transporta-

tion. 

 

1. INTRODUCTION 
 

In market-based approaches for multi-robot cooperation, robots trade tasks and resources 

to maximize the individual profit and simultaneously improve the efficiency of the robotic 

team. Auctioning is the most common method used in market-based approaches. Robots 

trade tasks through auctions and negotiations and win the tasks that generate the maximum 

profit. In an auction, a task is offered by the auctioneer robot, and the participating robots 

submit bids to the auctioneer in order to win the auctioned task. After receiving all the bids, 

the auctioneer awards the task to the highest bidder. The bid price represents the robot’s 

cost of the task, which is based on such metrics as robot capabilities and available re-

sources. 

The approaches used in a multi-robot system may range from fully centralized to 

fully distributed. In fully centralized approaches, a single leader robot commands the entire 

team, gathers the necessary information, and produces an optimal solution for the entire 

team. Centralized approaches are prone to failure, as the failure of the leader robot will 

cripple the entire system. Centralized approaches are suited to applications involving small 

teams, a static environment, and easily available global information. On the other hand, in 

fully distributed approaches, the robots have local views and rely on local knowledge. 

Such approaches are fast and fault tolerant but can produce suboptimal solutions. Mar-

ket-based approaches can be more centralized or more distributed depending on the nature 

of the task and the work environment. More centralized approaches produce more optimal 

results but can be less robust and less fault tolerant, while more distributed approaches can 

produce robust but suboptimal solutions. This trade-off can be fine-tuned based on the 

particular situation. The approach developed in this paper is predominantly distributed but 

also has centralized subgroups to improve the efficiency. 
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In the present work, a team of autonomous robots make independent decisions, 

coordinate, resolve conflicts, and if required cooperate with each other to accomplish a 

common task based on its properties. The capabilities of each robot in the team are 

predefined. A bidding function is defined to resolve conflicts among the robots and to 

ensure that the most suitable robot among the fleet is selected, possibly in cooperation with 

other robots, to successfully accomplish the task. The system autonomously determines 

the number of robots required for the task based on the properties of the task. However, the 

failure of one or more robots during the process of coordination and cooperation can have 

a catastrophic effect on the performance of the overall system. To address this problem, a 

fully autonomous and fault-tolerant market-based approach for multi-robot cooperation is 

developed in this paper. Three different types of failure in robots are studied: complete 

failure; partial failure in which the robot is able to communicate its failure to its team-

mates; and partial failure in which the robot is unable to communicate its failure to its 

teammates. Other robots are able to respond to failures of individual robots during the 

mission in order to complete the task efficiently. 

2. RELATED WORKS 

Researchers have recently applied economic principles to multi-robot systems. In mar-

ket-based multi-robot systems, robots are designed as self-interested agents of an eco-

nomic system. The tasks that must be completed and the available resources both are 

commodities of measurable worth that can be traded. Market-based approaches are used in 

many domains of multi-robot systems such as exploration, mapping [1,2], coordination 

[3], and coalition formation [4]. Zhang et al. [5, 6] proposed Stochastic Clustering Auction 

for optimal task allocation to a team of multiple mobile robots. Choi et al. [7] presented 

two decentralized auction based algorithms for allocation of task to multiple autonomous 

vehicle. Multi-robot cooperation has become an established research area and in the past 

few years has seen considerable growth. In this section, we will discuss the work that is 

particularly relevant to the present paper.  

Mataric et al. [8] developed a behavior-based architecture for a cooperative 

multi-robot system with explicit communication. They used two commercially available 

six-legged robots to push a box to a goal location. Miyata et al.[9] presented a centralized 

task assignment method for cooperative transport of an object by multiple mobile robots 

in an unknown and static environment. They combined a priority-based assignment 

algorithm and motion-planning methods, and validated their approach through simulation 

and experiments in which robots transported an object to a goal location. Huntsberger et 

al.[10] presented a three-layered control architecture called CAMPOUT for cooperative 

multiple mobile robots to perform a tightly coordinated task. CAMPOUT was validated 

in a multi-robot cooperative object transportation task in an autonomous tent deployment 

project on a planetary surface and in a cliff robot project. Strop et al.[11,12] presented a 

multi-robot construction task based on the CAMPOUT architecture. Wang and de Silva 

[13] developed a multi-agent architecture for cooperation among multiple robots in 

pushing a box to a goal location. They integrated reinforcement learning with a genetic 

algorithm for the robots to learn a cooperative strategy for achieving a common goal. 

They further extended their approach and proposed a modified distributed Q-learning 

algorithm termed sequential Q-learning with Kalman filtering (SQKF)[14]. Kube and 

Bonabeau [15] adopted an ant-based approach to the problem of cooperative object 
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transportation by a group of robots. Inspired by the cooperative transportation of prey by 

a group of ants in an ant colony, a group of mobile robots were deployed to transport a 

box to a goal location. 

The aforementioned work on multi-robot cooperation assumed a priori the 

number of robots required for the specific task. Hence, these multi-robot systems are not 

fully autonomous. To overcome this shortcoming, the present paper presents a frame-

work that autonomously determines the number of robots required to carry out a task. In 

the present approach, cooperation among robots is not planned beforehand but is realized 

based on the complexity of the task. 

Kose et al.[16] studied the problem of coordination among the members of a 

robotic soccer team. They employed a market-driven approach and defined a cost 

function to assign roles to the robots. The market-based approach was combined with 

reinforcement learning in order to allow the teams to learn new strategies.  

Lin and Zheng [17] presented a combinatorial bid–based multi-robot task allocation 

method that provided an explicit cooperation mechanism to the bidding robots. Khan et 

al. [18] presented a market-based decision-making mechanism for autonomous mul-

ti-robot cooperation, which included auctioning for task assignment. Chaimowicz et al. 

[19] presented a methodology for coordinating multiple robots in the execution of coop-

erative tasks. Their approach was based on dynamic role assignments, in which robots 

assumed and exchanged roles through cooperation. These roles were modeled based on 

the theory of hybrid automation. Li et al. [20] studied two challenge posed by mobile 

robots in Wireless sensor and robot networks were robot task allocation and robot task 

fulfillment 

Biological information systems present a rich source of ideas for problem 

solving in multi-robot cooperation. Kensler and Agah
 
[21] used a contract net protocol 

with adaptive bidding in multi-robot systems and used a neural network to adaptively 

formulate the bids. Gao and Wei [22] developed an immune-based multi-robot 

cooperation algorithm to autonomously determine the number of robots required to 

transport an object.  Ma et al.[23] applied an immunity-based genetic algorithm for 

cooperative multi-robot exploration. Kumar and Garg [24] developed a neuro-fuzzy 

controller to impart knowledge and intelligence in controlling multiple cooperating 

robots.   

Robustness is critical for any multi-robot system operating in a dynamic and 

unknown environment. Robot teams must be robust to individual failures, since 

malfunctioning of robots has an adverse effect on the performance of the overall system. 

The work outlined thus far lacks fault tolerance. 

 Parker [25] proposed a behavior-based software architecture called ALLIANCE that 

facilitated fault-tolerant cooperative control of heterogeneous mobile robots that perform 

a mission composed of loosely coupled sub-tasks which may have ordering 

dependencies. Gerkey and Mataric[26,27] presented an auction-based fault-tolerant 

dynamic task allocation method for a group of robots. In this method an auctioneer robot 

auctions a task to a group of robots, and the robot that wins the task based on some 

metrics is awarded a time-limited contract to execute the task. The time-limited contract 

provides a built-in time-out to trigger fault detection and recovery. Dias et al. [28] 

studied three types of robot failures in a multi-robot team—communication failure, 

partial failure, and full failure. Christenson et al. [29] presented a distributed approach 

that allowed the robots in a swarm robotic system to detect failure among them. They 
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adopted the firefly approach to detect failure. Specifically, they presented a 

synchronizing flashing protocol as an exogenous fault detection tool. 

 

 

3. AUCTION-BASED MULTI-ROBOT COOPERATION 

 

3.1 Auction 
 

Auctioning is the most common method used in market-based approaches. In the auc-

tioning process, potential purchasers make a series of bids or offers until the auctioneer 

accepts one of the bids. In multi-robot cooperation, an auction involves the following 

steps: 

 Announcement. A robot acting as an auctioneer offers an item or task for bid-

ding. In a multi-robot system, the auctioneer robot announces the task to be auc-

tioned. The message contains information such as the task location and the re-

quired capabilities.  

 Cost estimation. The robots in an idle or explore state accept the message. Since 

the team comprises heterogeneous robots that have different capabilities, the 

robots compare their own capabilities with the capabilities required for the task. 

Only the capable robots estimate the cost of the task, based on the bidding func-

tion.  

 Bid submission. After evaluating the cost, the participating robots submit sealed 

bids to the auctioneer. 

 Determination of winner. The auctioneer evaluates all the bids, announces the 

winner, awards the task, and closes the auction. The other robots return to the 

explore state and start searching for new tasks.  

 Progress monitoring. The auctioneer monitors the progress of the winner and 

periodically sends messages to the winner as required until the task is completed. 
 

3.2 Multi-Robot Cooperation 
 

In this paper, a team of autonomous robots make independent decisions, coordinate, re-

solve conflicts, and if required cooperate with each other to achieve a common goal. The 

system autonomously determines the number of robots required for the cooperative task 

based on the properties of the task.  

 The capabilities of each robot in the team are predefined. A bidding function is used to 

resolve conflicts among the robots and to ensure that the most suitable robot among the 

fleet is selected, possibly in cooperation with other robots, to successfully accomplish the 

task.   

 In this paper, algorithms for a market-based approach are developed, and the feasibility 

of the overall scheme is illustrated through computer simulations implemented in Java. 
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Assumptions 

The present goal is to develop a cooperation strategy among multiple robots, derived from 

the auctioning mechanism as used in market-based approaches, to collectively carry out a 

robotic task. In order to properly characterize the present approach, the following 

characteristics and assumptions of the system are included: 

 Heterogeneity: Individual robots have different capabilities and sensors, and may 

or may not be able to complete the task independently. 

 Failure: A robot can fail fully or partially, and it may or may not be able to 

communicate its failure to its teammates. The entire robot or any of its subsys-

tems, such as sensors, communication devices, or effectors, may fail. 

 Communication: All the robots in the team are always located within the com-

munication range of each other. 

 Environment: The robots work in a dynamic and unknown environment. 

 Distributed system: No robot has a global view of the system or the environ-

ment. No centralized knowledge is available to the robots. 

 
3.3 AUCTION-BASED ALGORITHMS FOR MULTI-ROBOT COOP-
ERATION 

The environmental input and assumptions for all auction-based algorithms for a mul-

ti-robot system are given below. 

 
Environmental input: 

 Map M, containing goal location G 

 A set of tasks  nttT ,......,1  

 A set of partially known properties of tasks  nppP ,......,1  

 A set of heterogeneous robots  xrrR ,......,1  

 A set of robot capabilities  
yccC ,......, 1  

 A set of randomly scattered, unknown, and dynamic obstacles

 zooO ,......,1  

Assumptions: 

 Each item in T and R sets owns a copy of a subset of P and C, respectively 

 Target task may be executed by one or more robots 

 PRE specifies the initial conditions that must be true before the algorithm    

starts 

 POST specifies the final condition that takes place when the algorithm ends 

 Lowercase “a” is the auctioneer’s ID, “w” is the winner’s ID, and “i”is the task 

index 

 Message types: H = HELP, A = ARRIVE, C = COST, W = WINNER, I = 

IGNORE 

 BF = Bidding Function, AUC = Auction 
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Auction Algorithm 

If a robot is unable to tackle a task and auctions it, algorithm 1 is executed.  

___________________________________________________ 

Algorithm 1: Auctioning the task to get the most suitable robot to help. 

________________________________________________ 

1. PRE:  

2.       IsTaskLocated   truetr ia ,   

3. 
     ia PtCr  || ia PtCr   

4.       SingleTaskProcessing   falsetCr ia , || auction due to robot 

failure 

 

5. POST: 

6.      START CooperativeTaskProcessing  iwa trr ,, || START Auction

 iw tr ,  

 

7. Initialize all xr  state to SEARCH 

8. ar  Broadcast  ii PttH ,,  to all xr   

9. For each xr  in R in range, where (x != a) 

10.        If ( xr state != SEARCH || AUCTION) 

11.             Drop message 

12.       Else 

13. 
          ix trBF ,  = CalculateBiddingFunction  ix tr ,  

14.           xr  Send  
ix tra BFr ,,  

15.           xr state = AUCTION 

16.           xr  auction_task_id = i 

17. 
ix trBF ,  = max(

itrBF ,1
, ….., 

in trBF , ) 

18. wr selected by ar  

19. ar  Broadcast(W, w, it ) to all xr  in R 

20. For each xr  in R in range, where (x != a) 

21.        If( xr state == AUCTION && xr  auction_task_id == i) 

22.             If(x != w) 

23.                   xr state = SEARCH 

24.                   xr auction_task_id = null 

25.            else if(x == w) 
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26. 
                  xr state = APPROACH  

27.                  Approach  ix tr ,  

28.         Else 

29.              Drop message 

30. ar  waits for an arrival message 

31. xr Send(A, ar , it ) on arrival 

32. ar  checks the arrival message 

33. if( ia PtCr   ) 

34. START CooperativeTaskProcessing( ar , wr , it ) 

35. END 

___________________________________________________________ 

 

The robots R in a team explore the environment, searching for tasks T. When a 

task it is found, a robot xr  compares its own capabilities with the partially known 

properties of the task. If it does not have the required capabilities, the robot xr  becomes 

the auctioneer robot ar  and auctions off the task to other robots by announcing the 

properties of the task iPt . After awarding the task to the highest bidder wr , the robot ar  

starts searching for another task. If the robot has the necessary capabilities, it carries out 

the task alone. If the robot is unable to tackle the task alone, it auctions the task for bidding 

and coordinates with other robots to get their help to cooperatively complete the task. This 

process is somewhat similar to how a human tackles a task. Knowing her own capabilities, 

a human predicts whether she can perform a given task by observing or coming in contact 

physically with the task and then decides whether to accept the task or not. Upon deciding 

to tackle the task, she tries to complete it alone. Failing this, the human seeks help from her 

colleagues to cooperatively carry out the task.  

The robot ar , the auctioneer robot, announces the task to the other robots R in the 

team by sending a message that describes the task. The team members that are exploring 

the environment in search of a task will accept the message. If more than one robot is 

capable of tackling the task, the most suitable robot is chosen for the task on the basis of a 

bidding function. In this method, all capable robots xr  change their status to “auction,” 

calculate their bids based on the bidding function, and submit their bids to the auctioneer 

robot. The auctioneer evaluates all the bids received from the participating robots and 

selects the robot that has the highest score. The auctioneer robot announces the winner 

robot wr and assigns the task to that robot, which then approaches the task it to cooperate 

with the auctioneer robot ar  in carrying out the task.  The robots that have lower scores 

return to wandering and searching for other tasks. Once the winner robot reaches the task 
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location, it sends an arrival message to the auctioneer robot and subsequently executes the 

task. 

 
Single Robot Task Performance Algorithm 

 
Once a capable robot finds a task, it tries to perform the task either alone or in cooperation 

with another robot. If the robot can carry out the task alone, algorithm 2 is executed. 

 

 
__________________________________________________ 

 

Algorithm 2: Single robot task performance. 

__________________________________________________ 

 

1. PRE:  

2. 
       xr arrives at target it  

3. 
       xr state = PROCESS 

4. 
       ia PtCr  .  

5.        No other r is currently performing the task

it  

 

6. POST: 

7. 
        it  is in G. T = T – it , G += it  

 

8. if it  needs more than 1 robot 

9.       return FALSE 

10.      END 

11. while !Done( it ) 

12.        ProcessTask( xr , it ) 

13. T = T – it , G = G + it  

14. xr state = SEARCH          

15. END 

_______________________________________ 

 

The robot xr  completes the task it  alone. Once the task is completed, the robot’s state 

changes to “search,” and the robot starts to search for other tasks in the environment. 
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Cooperative Task Execution Algorithm 

If more than one robot is required to perform the task, algorithm 3 is executed. 

______________________________________ 

                   Algorithm 3: Cooperative task execution. 

______________________________________ 

1. PRE:  

2. 
       ar , wr  arrives at target it    

3. 
       ar , wr  state = PROCESS.  

4. 
       ia PtCr  , iw PtCr    

5.        No other r is currently transporting it  

6. 
       ar is the initiator/leader 

 

7. POST: 

8. 
       it  is in G. T = T – it , G += it  

9. wr Send(ARRIVE, ar , it ) 

10. ar Send(START_CTE, wr , it ) 

11. while it  location is not in G 

12.        ExecuteTask( ar , wr , it ) 

13. T = T – it , G = G + it  

14. ar  state = SEARCH 

15. wr  state = SEARCH 

16. END 

___________________________________ 

 

 

Once a winner robot wr is chosen by the auctioneer robot ar  and the winner robot 

reaches the task it , it sends an arrival message to the auctioneer robot ar . The auctioneer 

robot ar , which is also the leader robot, commands the winner robot wr  to start executing 

the task. The two robots execute the task cooperatively until it is completed. Once the task 

is accomplished, the states of both robots change to “search” and they start searching for 

other tasks. 
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Fault Tolerance 

Robots can fail either partially or fully. When a robot fails partially, it loses the ability to 

use some of its resources. There are two kinds of partial failure. In partial failure 1, the 

robot can detect and communicate its failure to its teammates and re-allocate its task to 

them. Here we assume that the communication link of the malfunctioned robot is working 

although some parts of the robot have failed. In partial failure 2, the robot is unable to 

detect the malfunction, communicate it, and re-allocate the task. To make the situation 

more challenging, we assume that the communication link of the malfunctioned robot is 

working but the robot is unable to detect its failure. This kind of failure is very difficult to 

detect, as the robot’s ability to communicate and coordinate with other robots deceives 

them into thinking that the robot is in working condition. 

 Full failure is identical to robot death. Detection is also difficult in this situation since a 

dead robot cannot detect its own death and reallocate its task. 

 If a malfunctioned robot does not respond within a specific length of time to a team-

mate’s request to perform a task such as pushing or turning the object, the teammate de-

clares that the robot has failed. The teammate monitors and examines the movement of the 

malfunctioned robot; the teammate is motivated by every unexpected move, and once the 

motivation level reaches a certain threshold the teammate declares that the malfunctioned 

robot has failed. 

 Robot failure can have a catastrophic effect on the performance and efficiency of the 

system. The most critical failures are those of the auctioneer and the winner robots (the 

auctioneer robot can fail before or after selecting the winner robot) during the process of 

selecting the most suitable robot for the task and of the leader and follower robots during 

the task execution. The fault tolerance aspect of both these situations is addressed now to 

evaluate the robustness of the developed approach.  

 
Algorithm When the Auctioneer Robot Fails Before Announcing the Winner 

During the coordination phase, if the auctioneer robot fails before announcing the winner, 

algorithm 4 is executed. 

_________________________________________________________ 

     Algorithm 4: Failure of the auctioneer before announcing the winner. 

_________________________________________________________ 

1. PRE:  

2. 
       ar  fails before winner is selected 

3.        All xr  received (H, it , iPt ) 

 

4. POST, 2 possible cases:  

5.        First robot to arrive 1r will start ti auction. R = R – ar . O  

= O + ar  

6.        Auction continues—failure will be detected later 

 

7. if ( ar  failure == Partial Failure 1) 
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8.        Continue AUC 

9. else if( ar  failure == Partial Failure 2) 

10.       Continue AUC 

11. else if( ar  failure == Full Failure) 

12.        All xr  will timeout (no winner message received) 

13.        For all xr  in R 

14.        Approach( xr , it ) 

15.        Let 1r = first xr  to arrive 

16. 
       

Send(A, xr , it ) 

17.        Auction( 1r , it ) 

18. END 

___________________________________________________ 

 

All the robots that submit bids wait for the auctioneer to assign the task to the 

winner. If the bidder robots do not hear from the auctioneer, all the bidder robots start 

moving toward the task. The robot that arrives first at the task broadcasts an arrival mes-

sage to all other bidder robots and then reports arrival to the auctioneer robot. Not having 

heard from the auctioneer, the winner robot declares that the auctioneer has failed. Then 

the winner robot becomes the auctioneer and re-auctions the task. 

 
Algorithm When the Auctioneer Robot Fails After Announcing the Winner 

If the winner robot reaches the task and does not receive any acknowledgment from the 

auctioneer, the winner declares the auctioneer failed, and algorithm 4 is executed. 

________________________________________________________ 

 Algorithm 4: Failure of the auctioneer after announcing the winner. 

________________________________________________________ 

 

1. PRE:  

2.        ar  fails after winner is selected and before winner arrives 

3.        All xr  received (W, wr , it ) 

 

4. POST:  

5.        R = R- ar , O = O + ar   

 

6. if ( ar   failure == Partial Failure 1) 

7.        ar  Notify(“ ar   fails”, wr ) 
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8.        wr  ally = NULL. 

9. else if ( ar   failure == Partial Failure 2) 

10.        continue auction (AUC) 

11. Note: failure will be detected at task execution stage 

12. else if ( ar   failure == Full Failure) 

13.        wr  continuously sends approach messages 

14.        wr  arrives, wr  Send(A, ar , it ) 

15.       wr  declares ar  failed after reaching threshold 

16. END 

_______________________________________________________________ 

 

 

An auctioneer robot may fail after choosing the winner robot. If the failure is of 

the type partial failure 1, the auctioneer robot notifies the winner robot about its failure. In 

the case of partial failure 2, the failure is detected during the stage of cooperative task 

execution, when the auctioneer robot does not perform as expected.  If the auctioneer 

robot does not respond at all and the threshold is reached, the winner robot declares that the 

auctioneer robot has failed. 

 
Algorithm for Failure of the Winner Robot 

If, after the winner robot is chosen, it fails before reaching the task, algorithm 5 is exe-

cuted.  

______________________________________________________ 

 

              Algorithm 5: Failure of the winner robot. 

______________________________________________________ 

 

 

1. PRE:  

2.        wr  fails while approaching the task 

3.        All other xr  received (W, w, it ) and ignored it  

4. POST:  

5.        R = R- wr , O = O + wr  

 

6. if ( wr  failure == Partial Failure 1) 

7.        wr  Notify(“ wr  fails”, ar ) 

8.        ar  ally = NULL 

9.        Auction( ar , it ) 
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10.         END 

11. else if ( wr  failure == Partial Failure 2) 

12.        Continue Approach( wr , it ) 

13.        ar  detects wr  failure from approach messages containing 

coordinates 

14.        After ar  reaches threshold 

15.        ar  Notify(“ wr  fails”, wr ) 

16.        ar  ally = NULL 

17.        Auction( ar , it ) 

18.        END 

19. else if ( wr  failure == Full Failure) 

20.        After ar  reaches threshold 

21.        Auction( ar , it ) 

22. END 

____________________________________________________________ 

 

When a winner robot is selected by the auctioneer robot, the winner robot sends 

messages at regular intervals to the auctioneer robot so that the auctioneer robot can 

monitor its movements. The winner robot may fail while approaching the task. In the case 

of partial failure 1, the winner robot notifies the auctioneer robot about its failure. The 

winner robot is declared failed if its coordinates do not change as expected, as in partial 

failure 2. If the auctioneer robot does not receive any messages from the winner robot and 

the threshold is reached, the auctioneer robot declares that the other robot has failed.  

 
Algorithm for Failure of the Leader Robot During Cooperative Task Performance 

Once the winner robot reaches the task, the auctioneer robot becomes the leader and the 

two robots start to perform the task cooperatively. If the leader robot fails during the task, 

algorithm 6 is executed. 

_________________________________________________________ 

 

Algorithm 6: Failure of leader robot during cooperative task performance. 

_________________________________________________________ 

 

1. PRE:  

2.        xr  = leader. 

3.         xr  fails at any time during cooperative task execu-

tion 

4. POST: 
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5.        yr  and zr  move it  away from xr  

6. if ( xr  failure == Partial Failure 1) 

7.        xr  Notify(“ xr  fails”, yr ).  

8.        xr  shuts down, {R} = {R} – xr . {O} = {O} + xr  

9.        yr   = leader.  

10.        Auction( yr , it , {R}) 

11.        END 

12. else if ( xr  failure == Partial Failure 2) 

13.        xr  continuously repeats ProcessTask 

14.        yr   reaches threshold on no progress 

15.        yr   = leader 

16.        Auction( yr , it , {R}) 

17.        {R} = {R} - xr . {O} = {O} + xr  

18.        END 

19. else if ( xr  failure == Full Failure) 

20.        {R} = {R} – xr . {O} = {O} + xr  

21.        yr   reaches threshold on no progress 

22.        yr   = leader 

23.        Auction( yr , it , {R}) 

24. END 

___________________________________________________________ 

 

 

The leader or the follower robot can fail during cooperative execution of a task. If 

the failure of the leader robot is of the type partial failure 1, the leader robot notifies the 

follower robot about the failure. Then the follower robot becomes the auctioneer robot and 

announces the task. If the failure of the leader robot is of the type partial failure 2 or full 

failure, the follower robot judges the failure based on the performance of the leader robot. 

If the leader robot does not perform as expected after giving instructions to the follower 

robot or does not help in task execution, the follower robot knows of the problem and 

declares that the leader robot has failed. 
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The same algorithm with minor changes can be applied to the failure of a follower 

robot. If the follower robot does not perform as expected, the leader robot declares that it 

has failed.  

 
Algorithm for Robot Failure During Single Robot Task Execution 

If one robot is capable of executing the task, algorithm 7 is executed. 

________________________________________________ 

Algorithm 7: Robot failure during single robot task execution. 

__________________________________________________ 

 

1. PRE: 

2. xr  fails at any time during task execution 

3. POST: 

4. yr  replaces xr ’. Resume task execution 

 

5. if ( xr  failure == Partial Failure 1) 

6. Auction( xr , it , {R}} 

7. END 

8. else if( xr   failure == Partial Failure 2|| Full Failure) 

9. yr  detect it  randomly 

10. ProcessTask( yr , it ) 

11. END 

______________________________________________________ 

 

When a single robot executes a task, partial failure 2 is identical to full failure 

because in both cases there is no ally robot that can detect the failure of the malfunctioned 

robot. Any wandering robot that notices the lack of task progress will start executing the 

task. If the failure is of the type partial failure 1, the malfunctioned robot auctions off the 

task to its teammates.  

 

3.4 Bidding Function 
 

The bidding function determines the most suitable robot among those that possess the 

capabilities required for the task. The bid value is a function of the distance between the 

task and the robot, the orientation of the robot, the obstacles in the path between the robot 

and the task, the velocity of the robot, and the success rate, as given by the following 

equation: 

                 )()()()( 54321                      (1)                                                           
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Here i  represents the weights assigned to different variables according to their relative 

importance in the bidding function,   is the Cartesian distance between the robot and the 

task,   is the orientation between the task and the robot,   is the obstacles within the 

detection range in the path between the robot and the task, and v is the velocity of the 

robot. The robot that is closest to the object is not necessarily able to reach it first, as the 

reaching time depends on the robot velocity; a robot that is farther from the object but has 

a higher velocity capability may reach the object sooner.  is the number of successful 

culminations of the particular task by the robot. Each time the robot successfully com-

pletes the task, its success rate value is incremented by one. A robot with a greater success 

rate value at a specific task stands a better chance of being selected for that kind of task 

again, because it has already proven its capabilities. 

In contemplating the five variables of the bidding function, it is possible to form a sense 

of which of these parameters should weigh more than others in determining the robot that 

is fit to transport an object. For determining the optimized weights, a genetic algorithm is 

used to provide a less intuitive and more precise solution. 

 

4. SIMULATION STUDY 

The feasibility of the scheme developed in this paper is now tested on a team of 

simulated mobile robots transporting multiple objects to a goal location in an unknown, 

dynamic, and unpredictable environment. The multi-robot test environment with control 

software for transportation of multiple objects is developed in Java (see Figure 1). It 

consists of six simulated mobile robots marked as B and G having different capabilities 

and five objects to be transported to a goal location. All robots are equipped with sonar 

sensors for obstacle avoidance, bumpers for pushing of objects. They can communicate 

with each other. However, robots B are more powerful than G. They can push a mass of 

up to 2 Kg. Since robots B are large and powerful, they are cable of transporting big 

objects. Robots G are simple and smaller in size that can push a mass up to 0.5 Kg. These 

robots are meant for transporting objects that are smaller in size and mass. They are also 

not capable of working cooperatively with other robots. Every robot has 10% chance of 

failure. The objects in the simulation environment have different properties. Black 

objects are bigger in size and mass. The mass ranges from 2.5 to 4 Kg. Green objects are 

smaller in size and mass. The mass of green object is less than 0.5 Kg. To make the 

situation more interesting, it is assumed that green objects are so small that black robots 

can’t handle them. R represents a set of randomly distributed static obstacles in the 

environment. Furthermore, robots are dynamic obstacles to other robots. Thus, the 

environment contains both moving and stationary obstacles to be avoided by the robots.  
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Figure 1: The multi-robot multi-object simulation platform. 

 

Figures 2 to 11 present the results of robot failures, their effect on the system 

performance, and the robustness of the developed approach. These results are based on the 

scenario where more than one robot is required to cooperatively transport an object. Both 

partial and full failures are considered here. 

Figures 2 and 3 show the results under failure of the auctioneer robot during co-

ordination prior to transportation. The auctioneer robot monitors the winner robot’s 

movements until the winner robot reaches the task location. While the winner robot is 

moving towards the task, it does not know anything about the health of the auctioneer 

robot. Once it reaches the object, the winner robot sends an arrival message to the auc-

tioneer robot in order to start the transportation process. If the winner robot does not re-

ceive a reply or does not observe the requested action, it concludes that either the auc-

tioneer robot has failed or two robots are not adequate to transport the object. In either 

case, the winner robot becomes the auctioneer robot and re-auctions the task. Figure 2 

shows the effect on time (steps) due to failure of the auctioneer robot. It is evident from the 

figure that in the absence of any failure the auctioneer and winner robots spend the least 

amount of time (steps) to reach the object in order to start cooperative object transporta-

tion. In case of partial failure 1, the time (steps) taken is less than in both partial failure 2 

and full failure, since the auctioneer robot can communicate its failure to the winner robot. 

The time (steps) taken is the largest in the case of partial failure 2, because the commu-

nication link of the malfunctioned robot is operational and thus it can communicate with 

the winner robot, which misleads the winner robot. Due to this incorrect impression, the 

winner robot takes more time to reach the motivation threshold level before declaring that 

the auctioneer robot has failed. The system is able to cope with the failure of the auctioneer 

robot as well, by auctioning the task to replace the dead robot. Figure 3 shows the com-

munication burden on the system due to partial and full failure of the auctioneer robot. 

Here, the messages include the task announcement by the auctioneer robot, the bids sent by 

other capable robots to the auctioneer, the winner message sent by the auctioneer to the 

robot that makes the highest bid for the task, the messages sent by the winner robot to the 

Object 

 

   Object 

   R 

   B 

Goal location 

   G 
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auctioneer robot from time to time until it reaches the task, and the robot communication in 

order to choose another robot to replace a failed auctioneer robot. When there is no failure, 

the messages are at a minimum. In partial failure 2 or full failure, the number of messages 

increases as the winner robot keeps on sending messages to the auctioneer robot until the 

motivation level reaches the threshold value. Once the auctioneer robot is declared failed, 

the winner robot becomes the auctioneer robot and it re-auctions the task. The entire 

process of selecting a winner robot starts again, which places an extra communication 

burden on the system.   

 
Figure 2: Effect on the execution time (steps) due to partial or full failure of the auctioneer robot. 

 
Figure 3: Communication burden due to partial or full failure of the auctioneer robot. 
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Figures 4 and 5 show the results when the winner robot fails before it reaches the 

object that is to be transported cooperatively. Figure 4 shows the time (steps) incurred in 

different types of failure. The time (steps) taken in partial failure 1 is less since the mal-

functioned winner robot communicates its failure to the team members. However, in par-

tial failure 2 and in full failure, the time (steps) taken is more since the auctioneer robot has 

to wait longer until the motivation level reaches the threshold value, before declaring that 

the winner robot has failed. Figure 5 shows the communication burden on the system due 

to partial or full failure of the winner robot. Here, messages include the task announcement 

by the auctioneer robot, the bids sent by other robots to the auctioneer robot, the winner 

message sent by the auctioneer robot to the winner robot, the messages sent by the winner 

robot to the auctioneer robot before and after failure, and additional messages pertaining to 

the selection of a winner robot once the previous robot is declared failed. As shown in the 

figure, the communication burden increases with failure. However, the system manages to 

cope with all the failures at the expense of extra time (steps) and increased communication 

burden.  

 
Figure 4: Effect on the execution time (steps) due to partial or full failure of the winner robot. 
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Figure 5: Communication burden due to partial or full failure of the winner robot. 

 

 

Figures 6 to 9 correspond to robot failure during cooperative transportation of an 

object. Here one of the cooperative robots is the leader and the other is the follower. The 

leader robot guides the follower whenever necessary until the task is completed (in this 

case, when the object has been transported to the goal location). All communication is one 

way, from the leader to the follower. Figures 6 and 7 show leader robot failure during 

cooperative transportation. As indicated in Figure 6, the robots take more time (steps) to 

transport an object due to the failure of the leader robot during cooperative transportation. 

This is so because the follower robot takes time to make sure that the leader has failed. 

After declaring the failure of the leader robot, the follower robot becomes the auctioneer 

robot and auctions off the task to the other team members to replace the leader robot, which 

also takes time. Figure 7 shows that when there is no failure, the leader and follower robots 

send on average 357 messages to each other while transporting the object. These messages 

comprise the messages sent by the leader to the follower for synchronizing the pushing 

action, rotating the object, and avoiding obstacles during transportation. When there is a 

failure, the number of messages increases. Particularly in partial failure 2, the messages 

increase because the malfunctioned leader continues to send messages to the follower until 

the follower’s motivation level reaches its threshold and the follower declares that the 

leader has failed. Note that the messages in full failure are less than in partial failure 1 and 

partial failure 2, since once the leader fails no more messages are sent. However, regard-

less of whether the failure of the leader is partial or full, the follower has to start a new 

auction process to select a winner to replace the failed leader, which requires messaging 

between robots.  
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Figure 6: Effect on the execution time (steps) due to partial or full failure of the leader robot. 

 

 
Figure 7: Communication burden due to partial or full failure of the leader robot. 

 

 

Figures 8 and 9 correspond to follower robot failure during cooperative trans-

portation. As the follower robot does not send messages to the leader robot, the concept of 

partial failure 1 and partial failure 2 does not apply. When the follower robot does not 

follow the leader robot’s commands and the motivation level reaches the threshold, the 

leader robot declares that the follower robot has died. Then the leader robot re-auctions the 

task to get the help of another follower robot. Figures 8 and 9 show the time (steps) and the 

communication burden, respectively, in the cases of no failure and failure. 
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The results thus show that the system can cope with the failure of any robot, re-

gardless of whether it is the leader or the follower, during cooperative transportation of an 

object, though it takes more time (steps) and places extra communication burden on the 

system. 

 
 

Figure 8: Effect on the execution time (step) due to failure of the follower robot. 

 

 
Figure 9: Communication burden due to failure of the follower robot. 
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When a robot in the explore state finds an object and is able to transport it alone, 

failure can occur during the transportation process only. Then partial failure 2 and full 

failure are identical, as there is no ally robot that can judge the failure. In this case, another 

robot in the explore state finds the stationary object and starts transporting it. In the case of 

partial failure, the failed robot informs other robots that are in the explore state about the 

object. The robot that is chosen based on its bid approaches the object to take the place of 

the failed robot and transports the object. 

Figures 10 and 11 show the results for transportation of an object by a single 

robot. As indicated in Figure 10, when there is no failure the robot takes less time (steps) to 

transport the object. In full failure it takes more time (steps) than in partial failure, as the 

malfunctioned robot cannot communicate its failure to its teammates. Figure 11 shows the 

communication burden due to failure of a robot during the transportation process. It is 

evident from the figure that no communication burden is incurred due to full or no failure, 

since a single robot transports the object and there are no cooperative transportation 

messages. The figure shows messages due to partial failure only, since in partial failure a 

robot is able to communicate its failure to its teammates. The robots in the explore state 

submit bids for the task, and the task is awarded to the highest bidder, which then takes the 

place of the failed robot.  

 
Figure 10: Effect on execution time (steps) due to partial or full failure of a robot during the trans-

portation of an object by a single robot. 
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Figure 11: Communication burden due to partial or full failure of a robot during transportation of an 

object by a single robot. 

 

5. CONCLUSION 

This paper presented an autonomous and fault-tolerant framework for multi-robot coop-

eration that uses an auction (market-based) approach. In this approach, cooperation was 

not planned beforehand and was employed by the system only when required. Partial and 

full failures were introduced during different stages of task execution to demonstrate the 

robustness of the approach. The failure of the leader or the auctioneer robot in this ap-

proach does not cripple or even adversely affect the system. The approach was imple-

mented through simulation in a team of heterogeneous robots performing a task of multiple 

object transportation. The results showed that the developed methodology was able to 

successfully complete the desired task in an unknown environment with dynamic and 

static obstacles. 

 

ACKNOWLEDGEMENTS 

 

This work was supported by research grants from the Natural Sciences and Engineering 

Research Council (NSERC) of Canada, the Canada Foundation for Innovation (CFI), the 

Canada Research Chair (CRC) program, the British Columbia Knowledge Development 

Fund (BCKDF), and the Higher Education Commission (HEC) of the Government of 

Pakistan. 

 

0 100 200 300 400 500 600 700 800 900 1000
0

10

20

30

40

50

60

70

80

90

100

Round

M
e

s
s
a

g
e

s
 D

u
ri

n
g

 T
ra

n
s
p

o
rt

a
ti
o

n

 

 
Partial Failure , Messages Mean =34



AUTONOMOUS AND MARKET-BASED FAULT-TOLERANT ALGORITHMS FOR MULTI-ROBOT CO-

OPERATION 

 

25 

 

 
FOR REVIEWERS: To watch simulation video please visit: 
http://www.sites.mech.ubc.ca/~ial/khan/mks.wmv 
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