
29

Cooperative Heterogeneous Multi-Robot Systems: A Survey
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The emergence of the Internet of things and the widespread deployment of diverse computing systems have
led to the formation of heterogeneous multi-agent systems (MAS) to complete a variety of tasks. Motivated
to highlight the state of the art on existing MAS while identifying their limitations, remaining challenges,
and possible future directions, we survey recent contributions to the field. We focus on robot agents and em-
phasize the challenges of MAS sub-fields including task decomposition, coalition formation, task allocation,
perception, and multi-agent planning and control. While some components have seen more advancements
than others, more research is required before effective autonomous MAS can be deployed in real smart city
settings that are less restrictive than the assumed validation environments of MAS. Specifically, more au-
tonomous end-to-end solutions need to be experimentally tested and developed while incorporating natural
language ontology and dictionaries to automate complex task decomposition and leveraging big data ad-
vancements to improve perception algorithms for robotics.
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1 INTRODUCTION

The dynamic and unpredictable nature of the world we live in makes it difficult to design one
autonomous robot that can efficiently adapt to all circumstances. Therefore, robots of various
shapes, sizes, and capabilities such as unmanned aerial vehicles (UAVs), unmanned ground vehi-
cles (UGVs), humanoids, and others have been designed to cooperate with each other and humans
to successfully accomplish complex tasks. Allowing these diverse connected devices, expected to
surpass $20 billion by 2020 with the emergence of the Internet of things (IoT) [39], to cooperate will
significantly increase the spectrum of automated tasks. Integrating these devices in areas such as
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health care, transportation systems, emergency response systems, household chores, and elderly
care, among others, will make smart cities even smarter.

In this work, we discuss the literature on automating complex tasks using heterogeneous multi-
robot systems (MRS), after a brief overview of the more general multi-agent system (MAS) field.
We present the main components of a workflow to automate MRS: task decomposition, coalition
formation, task allocation, perception, and MAS planning and control, survey existing work in
each area, and identify some remaining challenges and possible future research directions.

However, many aspects of heterogeneous MAS are not covered in this survey. They include, but
are not limited to, credit assignment, which studies reward distribution among agents [226]; con-
sensus, which investigates protocols that ensure agent agreement under different circumstances
[102, 237]; and containment control, which is a type of consensus in leader-follower models [236]
and robot hardware design. Although communication protocols for robot–robot communication
that enable agent cooperation through information exchange [30, 56] and the information flow
problem that seeks to design efficient information exchange strategies [30] are an important com-
ponent of MAS, we do not include them in this survey. Instead, readers are invited to review
References [30, 56].

Few end-to-end frameworks have been presented for MRS; the most notable is swarmanoids
[55], which accomplished search and retrieval tasks using a swarm of three types of robots. Many
solutions still required significant human intervention to achieve complex tasks. Furthermore, in-
dividual aspects of MRS have been tackled, such as giving robots access to information on the cloud
[175] and simultaneous coalition formation and task allocation [233]. However, more end-to-end
testing on IoT-aided robotics [77] and MRS applications should be conducted to achieve more
progress. Natural language ontology and dictionaries could help automate complex task decom-
position and big data advancements could be leveraged to improve perception and, consequently,
decision making.

Two of the closest surveys to our work were published almost a decade ago; one covered MRS
coordination, including task allocation, decomposition, and resource distribution [54]. However,
it focused on market-based approaches and did not include work on coalition formation and
decision-making models. A more recent survey discussed existing MRS architectures, commu-
nication schemes, swarm robotics, task allocation, and learning [157] in applications like foraging,
formation control, cooperative object manipulation and displacement, path planning, and soccer
[157].

Other surveys had a narrower scope than our work and focused on a specific research area such
as cooperative MAS planning and control models and algorithms [155] and distributed consen-
sus in MAS [235]. Some surveys focused on MRS and their assigned tasks; Arai et al. identified
seven main research areas in MRS, including robot architectures, mapping and exploration, and
motion coordination, and discussed state-of-the-art research and challenges in each area [13]. Ota
surveyed tasks assigned to MRS, classifying them into point reaching, region sweeping, and com-
pound tasks, in addition to one-time and many-time tasks, i.e., tasks that require multiple itera-
tions for completion [152]. Murray surveyed cooperative control of multi-vehicle systems and their
applications in the military, transportation systems and mobile sensor networks [142]. Portugal
and Rocha surveyed MRS for patrolling [164], whereas Robin and Lacroix focused on MRS target
detection and tracking [164]. Yan et al. covered coordination in mobile MRS that included com-
munication protocols and decision-making algorithms for both motion and task planning [231].
Doriya et al. presented communication and coordination in MRS that included implicit and explicit
communication algorithm [56]. Centralized and distributed coordination were covered, including
task decomposition, allocation, and execution. Merrick surveyed decision-making algorithms for
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robotics [136]. Grieco et al. discussed IoT-robotics integration to enhance performance and envi-
sioned scenarios in health care, military, and smart cities [77].

Next, Section 2 defines key terminology in MAS and presents the MRS workflow. Section 3
surveys implemented MRS. Sections 4 to 7 present existing work on each block of the workflow
before discussing remaining challenges in Section 8 and concluding in Section 9 with final remarks.

2 MULTI-AGENT SYSTEMS

2.1 Intelligent Agents

An intelligent agent is a physical (robot) or virtual (software program) entity that can au-
tonomously perform actions on an environment while perceiving this environment to accomplish
a goal [184]. A rational agent seeks to perform actions that result in the best outcome [184]. A
cognitive architecture is the “underlying infrastructure for an intelligent agent” [115]: the agent’s
brain. It consists of perception, reasoning, learning, decision making, problem solving, interaction,
and communication. Its evaluation is based on domain-specific performance measures, generality,
versatility, rationality, optimality, efficiency, scalability, autonomy, and improvability [115]. Read-
ers are invited to check an extensive survey on existing cognitive architectures in Reference [110].

Many agent categorizations have been proposed in the literature. One categorization distin-
guishes three types of agents: reactive, deliberative, and hybrid agents. Reactive agents simply
react to environmental changes. Their workflow contains two primitives: sense (S) and act (A).
Deliberative agents initiate actions without any external trigger and rely on planning. This sense-
plan-act or sense-model-plan-act paradigm contains three primitives that are performed sequen-
tially: sense (S), plan (P), and act (A). Hybrid agents perform actions based on a planning algorithm
or react to current perceptions. The workflows for these three types of agents are represented in
Figure 1. A finer categorization divides agents into the following: simple reflex (react to current
sensory input), model-based reflex (keep an internal state of the environment), goal-based (per-
form actions to complete a goal), and utility-based (maximize a utility function) agents [184]. These
four categories are considered learning agents if they learn an element of the environment or their
control algorithms’ parameters with the help of a critic.

2.2 Multi-agent Systems

MAS are composed of multiple autonomous, interacting agents that have common or conflicting
goals and sensory information [196]. They are characterized by decentralized and incomplete in-
formation, asynchronous computations, and decentralized control [226]. However, centralized or
hybrid systems are also considered MAS. MRS restrict agents to physical robots [13]. MAS has
been viewed as an area in distributed artificial intelligence “concerned with coordinated, concur-
rent action and problem solving” [27], with the second sub-field being distributed problem solving.
However, Parker defined distributed intelligence as a group of entities that perform cognitive func-
tions such as reasoning, solving problems, and learning [156]. The term cognitive computing system

has also been used to refer to MAS and is defined as hardware-software co-optimized architectures
composed of diverse intelligent agents that can interact with humans and each other to complete
tasks by exploiting each entity’s strengths [90]. Mobile cognition implements distributed cognitive
computing architectures on mobile platforms such as robots, cars, and smart phones.

MAS evaluation criteria are either domain specific or invariant [47]. Domain-specific criteria
quantify performance. For search and rescue, performance measures include the number of res-
cued persons or extinguished fires [64]. Domain-invariant criteria include solution optimality, al-
gorithm time and space complexity, load balancing, fairness, resource utilization and re-allocation
quickness, communication overhead, robustness to noise and agent failures, and scalability [47].
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Fig. 1. Three-tier heterogeneous MRS architecture: robot, locally connected MRS, group of MRS connected

through the cloud.

MAS have been divided into categories based on multiple criteria. One division, based on
agents’ diversity and communication capabilities, consists of four classes: homogeneous non-
communicative, homogeneous communicative, heterogeneous non-communicative, and hetero-
geneous communicative [205]. Agent diversity can be from sensory or actuation capabilities, cog-
nition algorithms, or morphology [157]. MAS have also been classified as centralized, hierarchi-
cal, decentralized, or hybrid architectures [157]. Considering agent interaction complexity leads
to three classes: no direct interaction, simple interaction, and complex conditional interaction
[145].

Focusing on interaction types, MAS can exhibit cooperative, competitive, and collaborative in-
teraction based on goals, resources, and agent skills [65, 156]. A broader classification is positive
versus negative where agents aid or do not interfere with each other versus actively impede other’s
agents. We mainly focus on cooperative interaction where agents are aware of other agents and
share the same goals, and their individual actions lead to the accomplishment of the common goal.
Examples include search and rescue, exploration, classification of a target, and displacing objects,
to name a few [142].

Figure 1 represents a heterogeneous MRS architecture with three levels of hierarchy. At the
highest level, information about all the robots and the complex task is available in the cloud. Robots
can communicate through the cloud and make use of any computational resources and information
available in the cloud. The lower level (MRS) contains a subset of robots with an assigned sub-
task. Interaction between this subset or coalition is local and can be one of the different types
of interactions already discussed. Information is gathered from the various robots’ sensors and
exchanged among them. Finally, the lowest level is the agent, which has access to its sensory
input and control of its own actuators. It can communicate with other robots within its coalition
and can connect to the cloud. Since the system is heterogeneous, agents are not identical and
can have different cognitive architectures (reactive, deliberative, or hybrid) or different physical
properties (e.g., UGVs and UAVs). This three-tier architecture can lead to automating complex tasks
that could not be automated in simpler MRS frameworks.
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Fig. 2. Workflow for the MRS proposed in Reference [101].

2.3 Task Taxonomy

Cooperative MRS are assigned a wide variety of tasks with varying degrees of complexity. Task
complexity determines the difficulty of the task, which affects the number and type of robots
needed to complete it and may be composed of multiple simpler sub-tasks. Single-robot tasks can
be accomplished by one robot [72], such as small-scale mapping, pick and place, and navigation
problems. Multi-robot tasks require multiple cooperating robots [72]. Multi-robot tasks can be fur-
ther distinguished based on the required level of cooperation for successfully completion, ranging
from loosely to tightly coordinated. Loosely coordinated tasks can be decomposed to sub-tasks
that can be independently executed with minimum interaction among robots. Examples include
large-scale exploration and mapping, hazardous material clean-up, tracking, and surveillance. In
such scenarios, the environment can be divided into disjoint areas and the robots operate within
their specified areas. Tightly coupled tasks are not decomposable and require coordinated execu-
tion with significant interaction among robots. Examples include robot soccer, object transport,
and large-scale construction.

2.4 Multi-robot System Workflow

To systematically design MRS capable of accomplishing complex tasks, four main design blocks
are identified [32, 101]: (1) task decomposition, which is division of complex tasks into simpler sub-
tasks; (2) coalition formation, whic is formation of agent teams; (3) task allocation, which is the
assignment of sub-tasks to agent teams for execution; and (4) task execution/planning and control,
which is the completion of a task by performing a sequence of actions on the environment.

The literature has adopted varying degrees of automation of the different components, in ad-
dition to various inputs and constraints on each component. Figure 2 presents the workflow pro-
posed in Reference [101] that required a human designer to decompose complex tasks to simpler
sub-tasks based on the available robots’ capabilities and form coalitions from a set of agents. Then
task allocation and robot planning and control are autonomously performed by the robot teams.
While many researchers have opted to statically assign coalitions in MRS to simplify the design,
others have performed dynamic coalition formation.

In Section 3, we present existing MRS that have been developed for various tasks. These systems
mostly follow the framework in Figure 2, but some have incorporated an automated coalition for-
mation algorithm. To the best of our knowledge, there are no implementations of fully automated
systems, i.e., a complex task was given to the MRS, and the system autonomously decomposed this
complex task to sub-tasks, formed coalitions, and assigned and executed these sub-tasks.

This framework, considered a cognitive architecture as per the definition in Reference [110], is
generally embedded in software architectures that enable the integration of the various compo-
nents while abstracting some of the complexity. Agent-based modeling and simulation tools have
been developed in the literature to model and test agents and MAS. Such tools are generally clas-
sified based on the type of agent they implement (e.g., reactive or mobile), their modeling strength
and scalability, their application domain, and the effort they require to implement systems. An
exhaustive survey of these tools can be found in Reference [1]. Many software architectures have

ACM Computing Surveys, Vol. 52, No. 2, Article 29. Publication date: April 2019.



29:6 Y. Rizk et al.

been developed specifically for robots and MRS [92] that use domain-specific modeling and lan-
guages to create more powerful modeling tools. Middleware architectures specific to MRS such as
ROS, Orocos, and OpenRTM, surveyed in Reference [128], have also been developed to model com-
munication protocols improve function portability through hardware abstraction [128]. Domain-
specific languages for robotics, surveyed in Reference [14], allow even higher levels of abstraction
and automation.

2.5 Applications

MAS that combine robotic agents, software agents, and other computing and sensing devices have
many applications in smart cities, including health care, domestic services, and intelligent trans-
portation systems. Military applications such as surveillance, navigation, and target tracking have
also developed MAS frameworks to efficiently automate these complex tasks. For illustration pur-
poses, we discuss two scenarios in which MAS can be used: emergency response and health care.

MAS can be deployed in emergency response situations. During natural or human-made dis-
asters (wars), robots with diverse capabilities such as snake bots, crawlers, and miniature drones
can navigate the debris searching for injured individuals, while larger robots would retrieve these
people, and transport UGVs would take them to hospitals. Transport robots would be able to ob-
tain information from the intelligent transportation system for information on fastest routes and
the traffic lights can be controlled to direct traffic. Therefore, MRS will need to leverage the cloud
and other non-robotic agents to improve the system.

In smart cities, an elderly care system can consist of one or more mobile robots capable of
providing round the clock physical care to elderly patients, and a monitoring system capable of
recognizing the occurrence of falls or medical emergencies and notifying the mobile robots ac-
cordingly. The system can be expanded further by allowing it to communicate with the patient’s
health care team and relatives for updates and medication delivery. A similar system was envi-
sioned in Reference [11] to improve health care for children with complex conditions but did not
include a robot agent. Kraus discussed the capabilities that a robot should possess to effectively
aid patients with disabilities [111]. It should develop personalized training regimens, monitor the
patient’s activities, and intervene and provide encouragement when needed. Woo et al. developed
a system consisting of a wireless sensor network and a robot for elderly care situations like the
described scenario, but the robot was only used for companionship and did not physically care for
the patient [229]. Benavidez et al. proposed an MRS for elderly and disabled home care consist-
ing of cloud computing resources and heterogeneous robots performing various tasks like house
monitoring and floor cleaning [23].

3 EXISTING MRS

Many heterogeneous MRS have been proposed to solve a broader set of complex cooperative tasks.
These systems allowed heterogeneous robots, i.e., robots with diverse capabilities, such as UAVs
and UGVs, to cooperate on complex tasks. They have all taken a step toward deployment in the
real world, but they still make some assumptions or simplifications that limit the system’s gener-
alization. We discuss some of these systems next, grouping them based on the complexity of the
cooperative tasks they execute and their level of automation, from most to least automated. In the
first level (least automated), only task execution is automated, while the second level also auto-
mates either task allocation or coalition formation but not both. The third level automates both
coalition formation and task allocation but does not automate task decomposition. The fourth
level automates the entire system. Figure 3 portrays the distribution of existing work across lev-
els of automation and task complexity. Table 1 summarizes the literature on MRS and their tasks,
mentioning only those references with a second or greater automation level. “N/A” stands for not
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Fig. 3. Comparing existing work based on the task complexity and the degree of system automation.

applicable, i.e., this component of the workflow was not considered in the cited work. To the best
of our knowledge, no references were found that automated the entire process (fourth level of
automation).

3.1 Third Level of Automation

A few references achieved the third level of automation, where coalition formation, task alloca-
tion, and task execution were performed by a MRS without any human interference. The systems
used UGVs for treasure hunts [97], UAVs for surveillance [153], collision-free UGV navigation
[15], and UGV exploration [41]. Autonomous coalition formation and task allocation algorithms
included TraderBots, which is based on auctioning [53, 97], hierarchical clustering [15], ant colony
optimization and memetic search algorithm [153], and supervisory control theory [41]. These al-
gorithms were mainly tested in simulation environments or in small-sized experiments but have
shown promising results.

3.2 Second Level of Automation

The following references achieved the second level of automation, which can be divided into two
main categories: (1) task decomposition and coalitions are predefined by human experts, but task
allocation and execution are performed autonomously by MRS, or (2) task decomposition and allo-
cation are performed by human experts, but coalition formation and task execution are performed
by MRS.

The first set of references automated task allocation and execution. Applications included health
care facility tasks [43], cooperative navigation and object construction [189], bar-pushing [17],
ball tracking and kicking [101], and search and rescue or prosecute [3, 105, 167]. Task allocation
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Table 1. Existing MRS

Reference,
Year

Agents Task
Task

decomposition
Coalition
formation

Task allocation
Decision-making

model
Validation

[41], 2016 UGVs Exploration N/A Supervisory control algorithm Simulations

[15], 2016 UGVs Navigation N/A Hierarchical
Clustering

Hierarchical
Clustering

Hierarchical
Clustering

Simulations

[44], 2015 UGVs Land mine
detection

N/A N/A Prediction market Voronoi partition
coverage

Simulations,
Experiments

[153], 2015 UAVs Surveillance N/A Dynamic
ANT

Multi-Robot Task
allocation

Dynamics
controllers

Simulations

[97], 2006 UGVs Treasure hunt Human Expert Auctioning TraderBots Dynamics
controllers

Experiments

[126], 2016 UAVs Search and
prosecute

N/A Multistage
sub-optimal
coalition
formation

N/A Distributed finite
state machines

Simulations

[3], 2016 UGVs Search and rescue Human Expert N/A Robot Utility Swarm
Intelligence

Simulations,
Experiments

[105], 2015 UAVs Search and
prosecute

N/A N/A Welfare-based
task allocation

Dynamics
controllers

Simulations

[167], 2015 UGVs Search and rescue N/A Human
Expert

Binary Max Sum Dynamics
controllers

Simulations

[238], 2015 UAVs Search and
prosecute

N/A Multistage
sub-optimal
coalition
formation

N/A Dynamics
controllers

Simulations

[132], 2011 UAVs Search and
prosecute

N/A Particle
swarm
optimization

N/A Dynamics
controller

Simulations

[57], 2011 UGVs RoboCup Rescue N/A Swarm
intelligence

N/A Dynamics
controllers

Simulations

[101], 2010 Wheeled
UGV,
humanoid

Kick ball into goal Human Expert Human
Expert

Utility function Dynamics
controllers

Simulations,
Experiments

[17], 2015 Modular
robots

Bar pushing N/A SMART N/A SMART Experiments

[189], 2011 Khepra II Object transport,
Cooperative
navigation

N/A N/A Auctioning Dynamics
controllers

Simulations,
Experiments

[43], 2015 UGVs Health care
facility

N/A N/A Auctioning Dynamics
controllers

Simulations

algorithms were mainly auction based where agents bid on tasks based on their capabilities and
the highest bidders win the task for execution [189]; utility-based, where tasks were assigned to
agents with the highest utility or qualification [3, 101], and binary max sum [167]. Some algorithms
allowed task re-allocation [189], were implemented in a distributed framework [189], and allowed
communication among robots [17]. MRS systems included swarms of heterogeneous UGVs [3],
heterogeneous UAVs [105], and modular robots capable of re-configuring their shapes [17]. Refer-
ences included generally included both simulation and real-world experiments but mainly focused
on loosely coordinated tasks such as search and rescue/prosecute, which are simpler than tightly
coordinated tasks such as object transportation (bar-pushing).

Some work has automated coalition formation and task execution for various applications, in-
cluding search and rescue [57], search and prosecute [126, 132, 238], and land mine detection [44].
Coalitions were formed of either UGVs [44, 57] or UAVs [126, 132, 238] but not both, which slightly
simplified the coalition formation problem, since robot capabilities are less diverse. In some cases,
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the robots were homogeneous when considering their hardware capabilities, as in Reference [44].
Various coalition formation algorithms were adopted in these works, including swarm intelligence
[57], particle swarm optimization [132], weighted voting games [44], and multi-stage coalition for-
mation algorithms [126, 238]. Except for exploration and land mine detection that were validated
in simulations and real-world environments [44], the other referenced works presented simulation
results only. Nevertheless, homogeneous robots were deployed to simplify the experiments [44].
This highlights the difficulty of deploying MRS with autonomous dynamic coalition formation and
automated task execution in an unrestricted real-world application.

3.3 First Level of Automation

Finally, we present references that only automated the task execution phase in MRS, grouping and
ordering them based on task complexity. These references rely on human experts to decompose
tasks into sub-tasks, group robots in coalition, and allocate tasks to these coalitions. PLASTIC-
Policy was introduced to discover the best policy for cooperation among robots in ad hoc teams
allowing robots to adapt on the fly and validated on RoboCup soccer [20]. This problem was mod-
eled as a Markov decision process (MDP) and solved using a fitted Q-iteration algorithm. Three
distinct robots, an overhead crane, a mobile manipulator, and a roving eye were used to precisely
place a long heavy beam [198]. Combining ground and aerial robots improved the overall system
performance. A distributed round robin Q-learning algorithm was developed to transport a hose
using a group of UGVs [66].

Swarmanoids is an MRS composed of three types of robot swarms with complementary ca-
pabilities: eye-bots (quad-rotors with cameras), hand-bots (grippers), foot-bots (wheeled robots:
e-pucks) [55]. The system performed object search and retrieval. A complex task was decomposed
into sub-tasks by the human designer. Each sub-task can be performed by one type of robot in
the system, i.e., the robots in the system were designed in a way to generate a one to one map-
ping between sub-tasks and robots, eliminating the need for task allocation. Therefore, this system
could accomplish a more complex task even though its workflow is less automated due to the sys-
tem design, which included robots with complementary skills and individual robots that can form
predefined coalitions.

Underwater search and rescue in natural disaster scenarios was performed using unmanned
underwater vehicles (UUVs) and UAVs [141]. Autonomous robots performed a rough preliminary
search to identify areas of interest that were later more thoroughly investigated by teleoperated ve-
hicles. A navigation and simultaneous localization and mapping (SLAM) algorithm was developed
for information gathering in disaster relief [76]. OmniMapper SLAM is based on graph theory and
square-root smoothing and mapping. The NavigationManager integrates the search-based plan-
ning and ARA*.

Tracking and surveillance applications adopted MRS to improve coverage by leveraging the
heterogeneity of robots and the diverse media (land, air, water). HiDDeN, a distributed algorithm,
was developed to supervise the completion of UAV and UUV missions in military surveillance
and coast securing application [116]. A distributed framework was presented to control an air-
ground MRS where a UGV cooperated with UAVs to complete tasks relayed by a ground station
[162]. The system relies heavily on communication between the UGVs and UAVs. The overall sys-
tem follows a behavior-based autonomy framework where sub-tasks are represented as functional
components in a state machine. Field experiments on target detection and surveillance validated
the proposed framework on a three-robot system. Focusing on UAVs, helicopters and airships with
diverse sensing capabilities collaborated to track a target and inspect and monitor an area [150].
Ground systems included a behavioral graph-based collision avoidance and set point tracking nav-
igation algorithm for MRS [185] and MRS patrolling based on Bayesian decision rules that was
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validated on indoor patrolling with six Pioneer robots [165]. A large number of robots were de-
ployed for intruder detection and tracking by performing exploration and mapping of an unknown
indoor environment using a few expensive robots and a large number of low-cost sensory robots
[87]. A framework was developed to improve UAVs’ self-localization and localization of objects of
interest on the group by cooperating with a GPS-enabled UGV [218]. Finally, UAV-UGV MAS have
also been used to perform gait monitoring [139].

Navigation, exploration, and mapping tasks have also leveraged UAV-UGV cooperation. For ex-
ample, a large number UGVs performing motion tasks were aided by a UAV that communicated
location related information [181]. Similarly, Stegagno et al. used a single UAV to improve UGVs’
SLAM [204]. Mathew et al. developed a path planning algorithm for micro UAVs and UGVs per-
forming package delivery tasks [133]. The problem was modeled as a multiple warehouse delivery
problem that was transformed to a generalized traveling salesman problem and solved using the
kernel sequence enumeration algorithm in polynomial time. Greenhouse sensor monitoring was
achieved using UGVs and UAVs to record temperature, humidity, gas levels, and others [180]. While
UAVs were teleoperated, UGVs navigated independently.

Navigation with collision avoidance was achieved using a decentralized Lyapunov synthesis al-
gorithm [25]. A decentralized multi-robot depth-first search algorithm was proposed that allowed
UGVs to efficiently explore unknown environments with minimal information exchange and col-
lision avoidance [143]. A cooperative navigation algorithm was developed based on graph and
networking theory to ensure complete coverage of the environment explored by mobile robots
gathering information [104]. A hierarchical algorithm allowed robots with limited capabilities to
perform mapping and exploration by receiving tasks from more powerful robots [35].

Formation control algorithms for MRS have been developed to control UGVs and UAVs using a
Lyaponuv framework [172], while a distributed Lyapunov controller was presented for UGVs only
in Reference [125]. Wheeled and legged robots were controlled to navigate and avoid obstacles
in a given formation [223]. Finally, a planar-based algorithm for cooperative heterogeneous UAVs
was developed [85].

4 TASK DECOMPOSITION

Task decomposition, the first step in the MAS workflow for complex task automation, divides a
complex task into a set of simpler or more primitive sub-tasks that are either independent or se-
quentially dependent on each other. For example, mapping a building can be divided into mapping
of individual floors and rooms in the building.

Planners for task decomposition problems can be general [28] or domain specific [36, 243]. An
example of the latter is soccer task decomposition where covering the playing field is divided
among robots based on relative position of the ball and players [36]. The ball, viewed as a gravi-
tational source, creates a gravitational field around it and affects the sub-task assignments. While
many systems require the designer to manually decompose complex tasks to a sequence of sim-
pler sub-tasks [55, 101], some work have attempted to automate this process and can be divided
into three main categories: decompose-then-allocate, allocate-then-decompose and simultaneous
decomposition and allocation [54].

Decompose-then-allocate algorithms first decompose a complex task into a list of sub-tasks in
a centralized fashion and then allocate the various sub-tasks to available agents. Task tree decom-
position divided tasks based on logistic relationships in the battlefield [120]. Automatic decom-
position and abstraction learned to divide complex decision-making tasks into sub-tasks from hu-
man demonstrations, using mutual information measures [40]. Tracking people in an environment
was dynamically divided among robots based on geographical proximity [88]. These approaches
have found limited success due to the high level of domain-specific understanding required to
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understand the relationship between sub-tasks. Allocate-then-decompose algorithms, such as the
M+ algorithm [28], first allocate a list of tasks to agents, and then each agent divides this task into
more primitive sub-tasks. This approach allows agents to decompose tasks based on the agents’
specific skill set, allowing them to efficiently execute tasks. Finally, simultaneous task decomposi-
tion and allocation algorithms opted not to decouple the task decomposition and allocation steps
and proposed a solution based on task trees and auctioning [241, 243]. This approach produces
more system-specific decompositions by providing feedback to improve task decomposition based
on agent capabilities. However, it could be more time-consuming due to sub-task fine-tuning.

5 COALITION FORMATION AND TASK ALLOCATION

After decomposing a complex task into a list of sub-tasks, these sub-tasks should be allocated
to a robot or group of robots for execution. Since some of the sub-tasks are multi-robot tasks,
they should be assigned to groups of cooperating robots. Next, we discuss research on forming
coalitions of robots (coalition formation) and assigning to them sub-tasks (task allocation) before
task execution can be performed.

5.1 Coalition Formation

Coalition or team formation divides agents into coalitions or groups. These agents may be non-
cooperative [224] or cooperative. In this work, we focus on cooperative coalition formation.
Coalition formation can be performed offline to form static coalitions or online to form dynamic
teams that can adjust to the environment [78]. Agents are categorized into single-task and multi-
task agents [72], i.e., agents that can perform a single task versus those that can perform multi-
ple tasks. As mentioned previously, tasks are either single-robot or multi-robot tasks. Finally, the
task to agent mapping or assignment is categorized into instantaneous and time extended [72].
Architectures to represent agent capabilities and task requirements have been developed, includ-
ing numeric representations [107] and behavior-based representations like schema theory [131].
Many search algorithms have been adopted to find the best robot teams, including ant colony
optimization [232], particle swarm optimization [230], and evolutionary algorithms [121]. Search
algorithms are simple approaches that do not require significant agent modeling before coalitions
can be formed. However, their effectiveness depends on the quality of the metrics adopted to quan-
tify the compatibility of agents within a coalition.

Repeated coalition formation under uncertainty deals with forming time-varying teams when
agents have partial information about other agents’ capabilities, resulting in uncertainty. Further-
more, information can be heterogeneous, i.e., from different sources [112]. Dynamic, repeated
coalition formation with robot type and other uncertainties was performed by incorporating an
agent modeling algorithm with game theory [86]. Bayesian reinforcement learning (RL) allowed
agents to learn other agents’ capabilities through their interactions and transformed the repeated
coalition formation problem into a sequential decision-making problem [34]. This approach was
validated on a football team formation problem [134]. Dynamic robot coalition formation for
area coverage problems was modeled using weighted voting games and Q-learning [46] and ex-
tended to formation-based navigation problems [45]. Coalition structures were pruned using the
Shapley value and marginal contributions and the transition of agents from one coalition to an-
other was represented by a Markov process [122]. This model searched the coalitions space for
the best structure using Markov probability distributions. Self-adapting coalition formation dy-
namically changed coalition memberships using electric grid-specific heuristics [49]. The benefits
of these approaches include increased robustness to environment stochasticity and resilience to
agent modeling errors by system designers. Unfortunately, a learning phase must be tolerated to
allow the algorithm to learn through trial and error the agent models.
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Fig. 4. Classification of coalition formation algorithms in the literature.

Focusing on MRS coalition formation, ASyMTRE facilitated coalition formation for tightly cou-
pled tasks [158], where time and space constraints were added to coalition formation formulations
[173]. Other approaches include swarm intelligence in RoboCup Rescue [57], ant colony opti-
mization and genetic algorithm [169], decentralized ant colony optimization for modular robotics
[170], and greedy approximate algorithms that converged in polynomial time [4]. Furthermore,
the MuRoCo algorithm used market-based optimization to return optimal coalition formation for
MRS, validated on a drink serving scenario [179]. Coalition pruning was proposed to form approx-
imate coalitions in real time [126]. Modeling MRS coalition formation as a multi-objective opti-
mization problem allowed the development of CUDA algorithms to speed up processing and was
validated on navigation and box pushing tasks [5]. Decentralized optimal and sub-optimal coali-
tion formation algorithms were also developed for UAVs based on particle swarm optimization
and validated on UAV search and prosecute mission simulations [132]. Hierarchical optimization
solvers searched for sub-optimal, computationally efficient coalitions to improve UAV search and
prosecute which improved system responsiveness and scalability but negatively affected perfor-
mance [238]. Finally, a multi-criteria decision-making algorithm was proposed based on influence
diagrams to select the best coalition formation algorithm for a given real-world scenario [192].
Coalition formation algorithms were classified using domain and mission dependent features. Over
100,000 mission scenarios were developed under various conditions, including coalition overlap
and communication constraints.

Figure 4 classifies the coalition formation algorithms presented above based on the assumptions
they make, from assuming uncertainty in agent capabilities to implementing distributed systems
or considering robot agents.

5.2 Task Allocation

Task allocation assigns tasks to an agent or a group of agents, i.e., it aims to find an optimal or
near-optimal mapping between agents and tasks. A comprehensive taxonomy for task allocation
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can be found in Reference [109]. Many approaches have been adopted to produce such a mapping
in MRS and have been surveyed in Reference [38, 94]. Auctioning or market-based approaches,
common in multi-robot task allocation problems [33, 211], include ASyMTRE-D [158], Murdoch
[71], M+ [28], and TraderBots [242].

Since MRS face additional constraints compared to MAS, including spatial, temporal, sensing
and actuation constraints, MRS-specific task allocation algorithms have been developed. Examples
include swarm intelligence [123], particle swarm optimization with graph theory for UAV military
[148], Sandholm algorithm with K-means clustering [62], utility-based task allocation [3], max-
sum [167], resource welfare [105], and semantic maps [69]. Many approaches mainly focused on
minimizing the distance traveled by robots to complete tasks while ensuring that the capabilities
required to successfully complete a task are possessed by the robot assigned to the task. However,
some work has aimed to ensure workload balance between robots as well [62].

Auctioning algorithms are another class of algorithm popularly adopted in task allocation prob-
lems applied in health care facility scenarios capable of handling task priorities and heterogeneous
tasks or robots [43], multi-robot traveling, UUV cooperation and object construction [189], and pa-
trolling tasks [161]. They can be implemented in centralized, decentralized, or distributed topolo-
gies where the computations by the auctioneer and bidders can be either performed on a single
node (centralized), multiple nodes (decentralized), or without an auctioneer at all (distributed).
Since environments are dynamic and partially observable, task allocation algorithms should pre-
empt and re-allocate tasks. Dynamical re-planning in MAS was achieved using an auction-based
decentralized method [163]. Single-robot task preemption while minimizing unnecessary reallo-
cation was developed using simultaneous descending auctioning [193]. However, repeated pre-
empting could cause the agents to never complete their tasks causing the whole system to fail.
Questions like when a task should be preempted, how often should preemption be considered a
suitable choice, and others are important directions to investigate for effective task allocation in
real-world environments.

Table 2 summarizes some of the work on task allocation (sorted in chronological order and pub-
lished within the past 10 years). It compares the various assumptions they make such as assuming
heterogeneous agents and virtual or robotic agents.

5.3 Simultaneous Coalition Formation and Task Allocation

Performing coalition formation and task allocation simultaneously has also been proposed in the
literature to improve performance in MRS. IQ-ASyMTRE interleaved both problems to solve a
broader range of complex tasks using MRS [233]. Combining task priority ranking and resource
constraints improved coalition formation for UAVs [210]. Multi-robot task assignments in UAV
search tasks were performed by combining dynamic ANT coalition formation and memetic local
search task allocation algorithms based on robot, task, and environment information [153].

Auctioning algorithms were also adopted in simultaneous decentralized coalition formation and
task allocation. Applications included two-robot box pushing and transportation, obstacle avoid-
ance, and surveillance [195]. Auctioning allowed heterogeneous coalition formation with coalition
re-adjustment before task completion to improve performance [93]. Constrained coalition forma-
tion and task allocation problems could also be solved using auction algorithms to minimize the
time to complete tasks and the distance traveled by robot [42]. Such algorithms have been applied
to reconfigurable robot coalition formation by splitting or merging robots while distributing tasks
related to navigation, exploration, and surveillance sensors’ placement [31].

While these approaches converge to better coalition and task allocations, they are computa-
tionally more expensive and require more iterations to converge to an assignment. However, their
assignments improve with experience and lead to more efficient MAS and MRS task execution.
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Table 2. Summary of Task Allocation Literature

Approach
Heterogeneous

Robots
Topology Preemption Validation Application

Consensus-based
bundle algorithm
[163]

Y Decentralized Y Simulations,
Experiments

UAV-UGV indoor
navigation
coordination

Auction [189] Y Distributed N Simulations,
Experiments

MRS Navigation

Sandholm
algorithm, K-means
clustering [62]

Y Centralized N Simulations Navigation

Auction [161] Y Centralized Y Simulations,
Experiments

Patrolling tasks

Auction [193] Y Decentralized Y Simulations Abstracted tasks

Max-sum [167] Y Distributed N Simulations Robocup rescue

Auction [43] Y Distributed N Simulations MRS in healthcare
facilities

Resource welfare
[105]

Y Distributed N Simulations UAV target detection

Utility-based [3] Y Decentralized N Simulations,
Experiments

UGV navigation for
rescue operations

Particle swarm
optimization, graph
theory [148]

Y Centralized N Simulations UAV military tasks

6 MAS PLANNING AND CONTROL

MAS planning and control, also known as decision making, is a main module in MAS. It determines
the sequence of actions, or policy, that agents should perform to complete their assigned task once
the complex tasks have been decomposed to sub-tasks and allocated to cooperating groups of
agents. Decision-making models have been applied to a wide spectrum of fields, including robot-
ics [154], wireless sensor networks [113], cognitive radio networks [130], intelligent transportation
systems [166], and electric grids [160]. Decision-making algorithms are generally evaluated based
on policy optimality and their time and space complexity [184]. Multiple frameworks have been
proposed to model and solve decision-making problems, including RL, game theory, swarm intel-
ligence, and graph-theoretic models.

While more detailed surveys on multi-agent decision-making models can be found in Refer-
ences [177, 215], we will briefly cover some of the frameworks mentioned above. We will briefly
cover some of the decision-making models below. More detailed surveys on multi-agent decision
making can be found in References [177, 215]. Rizk et al. [177] surveys models swarm intelli-
gence to game theory, discussing their advantages, disadvantages, applications, remaining chal-
lenges, and insights into possible future research directions. Torreno et al. surveyed MAS planning
by formalizing the definition of cooperative tasks and surveying the main aspects of MAS plan-
ning solvers, including planning synthesis schemes, communication mechanisms, and privacy-
preserving methodology [215].

Swarm intelligence, inspired by social animals, models the behavior of many decentralized co-
operative autonomous agents [24]. Such models are mainly characterized by self-organized and
distributed behavior of locally aware and locally interacting agents [226]. Particle swarm opti-
mization [100] is inspired by flocks of birds and schools of fish. Pigeon-inspired optimization al-
gorithm rely on the magnetic field, sun, and landmarks to achieve path planning [58]. Bee colony
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Table 3. Comparison of Decision-making Models

Model
Degree of
Scalability

Degree of
Heterogeneity

Degree of
Communication

Swarm Intelligence High Low Low
Multi-agent MDP Medium Medium Medium
Decentralized MDP Medium Medium Medium
Multi-agent POMDP Medium Medium High
Decentralized POMDP Medium Medium High
Interactive POMDP Low Medium High
Partially Observable Stochastic Games Low High Medium

optimization is based on the behavior of bees and relies on direct communication between agents
[214]. While swarm-based systems are robust, flexible, scalable, computationally inexpensive, and
fault tolerant [29, 55], robots are generally homogeneous or can be divided into a small number
of clusters of homogeneous robots, which greatly restricts MRS applications [55]. More details on
swarm robotics can be found in these recent surveys [19, 21, 29, 154].

Game-theoretic models include partially observable stochastic games, which are sequential
probabilistic games where payoffs are unknown to players and depend on their actions, and the
state of the game depends on the previous state and the players’ actions [194]. Their sub-classes
include MDPs and partially observable MDPs (POMDPs). MDPs assume that decisions satisfy the
Markov property, i.e., decisions at the current time step only depend on decisions of the previous
time step. MDPs are described by a set of environment states that are fully observable: actions,
transition probabilities, rewards, and discount factors. A policy maps states to actions by maxi-
mizing the total reward, measured by a value function. Multi-agent MDP and decentralized MDP
extended MDP to MAS, which assumes jointly fully observable environments [168]. POMDPs ex-
tend MDPs to partially observable environments by adding a set of observations and an obser-
vation function to the model representation. MAS extensions include decentralized POMDP [9],
multi-agent POMDP [10], and interactive POMDP [73]. Recent work on decentralized POMDP fo-
cused on the sub-classes of MDP models and their computational complexity briefly mentioned
existing solutions [9].

Table 3 compares the decision-making models based on the degree of scalability of the models,
the degree of agent heterogeneity within a MAS, and the degree of communication required among
agents. We can see that swarm intelligence has the highest scalability capabilities due to its low
communication requirements but does not allow for significant heterogeneity in agent capabilities
[177]. The tradeoff between scalability and heterogeneity is evident in each model. Furthermore,
increased heterogeneity leads to an increase in the need for communication that reduces the sys-
tem’s ability to scale well.

RL allows agents to learn a policy by rewarding “good” behavior and punishing “bad” behavior
through a reward signal. RL is one approach to find optimal or sub-optimal policies for game-
theoretic models. Incorporating RL to robotic systems requires additional considerations due to
the physical constraints imposed by real-world environments and has been studied in Reference
[108]. Multi-agent RL allows cooperative MAS to complete tasks with minimal communication
overhead by using the global immediate reward instead of the individual agent immediate re-
ward in the Q-learning algorithm to solve repeated games [234]. Validation on box pushing and
sensor distribution demonstrated the superior performance of this algorithm compared to other
approached. Sparse interaction to negotiate equilibrium sets and transfer knowledge in multi-
agent RL reduced computational complexity and led to better coordination and scalability, as
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shown by simulations on grid world games and robots shelving items in a warehouse [240]. Infor-
mation sharing has been modeled as a MDP to reduce communication overhead without affecting
performance [12].

Sub-optimal policies for decentralized POMDP were computed using a factored forward-sweep
policy computation algorithm that reduced computational complexity and improved scalability
[149]. Simulations on hundreds of agents showed the improved scalability with minimal loss in
accuracy. An RL inference model that learned MRS configurations and allowed robot systems to
complete a task knowing the intermediary robot states and transitions was also developed [206].
Other approaches include dynamic programming [168], expectation maximization [202], heuristic
search algorithms [203], temporal difference learning [63], policy search [26], evolutionary com-
puting [227], genetic algorithms [61], neural networks [82], optimization algorithms [59], Monte
Carlo methods [197] and deep RL approaches [138].

7 PERCEPTION

Perception is a crucial component of successful MRS deployment that allows robots to model their
environment from sensory information and obtain knowledge of how their actions are affecting
the environment and whether they are successfully completing their tasks; it is a sub-block of task
execution in Figure 2. Without this capability, task execution would be nearly impossible in real-
world environments. Sensors measure variables in the environment, allowing robots to observe
how their actions have affected the environment, which leads to more effective task execution.
From the low-level sensory information, robots need to learn higher-level information, such as
the location obstacles, their locations within a map, and the types of objects in an environment,
among others.

SLAM allows robots to simultaneously generate a map of the environment and localize them-
selves within this map, a vital aspect of any task that involves navigation [18, 60]. Many algorithms
have been proposed with varying degrees of computational complexity [51], using a wide range
of sensors including cameras [68], acoustic sensors [225], structured light [144], and electromag-
netic signals [137]. SLAM has also adopted sensor fusion [188] to benefit from diverse signals
such sonars with laser range finders [187], WiFi, Bluetooth, LTE, and magnetic signals [137]. Dis-
tributed, decentralized, cooperative, or multi-robot SLAM has been developed to leverage multi-
robot cooperation and tackle complex environments [75], in communication constrained environ-
ments [159], or where direct communication is not possible [106]. Distributed SLAM with sparse
robot networks [117] and decentralized active SLAM that forced robot teams to efficiently traverse
and map the environment [16] were also investigated.

Scene understanding allows robots to extract general principles from visual cues [79]. It includes
computer vision problems of image segmentation, object recognition, event recognition, human
activity and behavior recognition [219], semantic annotation [239], and others. Scene understand-
ing has been applied to pedestrian [127], traffic [201], urban [70], video surveillance [103], and
underwater scenes [140]. Multi-agent or distributed computer vision algorithms have been devel-
oped to improve scene understanding in MAS applications [171]. Deep neural networks performed
multi-object classification and scene understanding by extracting features from raw images and
incorporating context through conditional latent tree probability models [146]. Markov random
fields performed modeling, inference, and learning tasks on visual inputs by representing the in-
puts’ conditional probabilistic dependence with undirected graphs [221]. Time-dependent corre-
lation rules were adopted for dynamic scene understanding in traffic surveillance problems where
motion patterns were detected using object tracking, spectral clustering, and Allen’s interval-based
temporal logic [208]. Traffic patterns were learned using hierarchical pattern mining based on
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latent Dirichlet allocation; traffic states were learned from activities that were modeled from spa-
tial location and velocity [201].

Object motion tracking is another important aspect of scene understanding that helps robots
achieve their goals by tracking objects of interest. Developed systems were based on received
signal strength variations on wireless links [228] and Kalman filter-based SLAM with laser-based
occupancy grids [98] to name a few. Multi-robot or cooperative tracking [37] has been developed
to track pedestrians [217] and other objects, using particle filters [6], RL [124], and least-squares
minimization [7]. More information can be found in the recent survey on MRS object detection
and tracking [178].

Automatic speech recognition is important in human–robot interactions [84]. Approaches in-
clude Hidden Markov models [95], deep neural networks [2], and support vector machines [200].
While deep neural networks have had the best performance to date, they are computationally
expensive and require many data points to achieve good performance, making integration with
robotic systems for real-time applications a challenge. Some work has attempted to address the
computational complexity of automatic speech recognition [209], but there is still a lot of room
for improvement. Algorithms that are robust to noise have been proposed to handle noisy envi-
ronments [119]. In addition, distant talking [74] and the noise from a robot’s hardware [91] add to
the difficulty of deploying speech recognition algorithms in MRS.

Many systems have combined two or more of the above functionalities into robotic systems.
SLAM and scene understanding have been combined within a unified system; for example, Li
et al. [118] performed visual dense SLAM with probabilistic semantic inference and object pose
estimation. SLAM and object motion tracking were combined in the robotic surveillance system
in References [7, 52]. Multi-modal human–machine interaction through audio and visual process-
ing has also been investigated in the literature to improve human–machine communication [135].
Combining all these capabilities into one end-to-end system has generally been investigated in
the field of cognitive architecture design [110]. Embodied cognitive architectures, i.e., those that
have been embedded in robots, include ACT-R/E [216] and CRAM [22]. These systems have been
mainly tested in restricted or simplified environments. End-to-end systems combining all these
functionalities have been successfully integrated into autonomous vehicles deployed in the real
world but have not seen widespread success in MRS. In summary, sophisticated multi-modal per-
ception modules have seen significant improvements to the state of the art in the past few decades
that will help MRS make better decisions in real-world environments.

8 CHALLENGES AND INSIGHTS

Allowing heterogeneous agents to cooperate increases the scope of solvable tasks. It introduces
parallelism and robustness, leading to better performance with simpler agents compared to having
a single powerful but complex agent performing the same task [157]. However, it also increases
the complexity of the design process. Many challenges still face the research community before
effective deployment of MRS performing complex tasks can be achieved. In this section, we discuss
some challenges faced in designing MRS and some insights on future research directions based on
the research areas identified in Figure 2.

8.1 Big Data

Perception problems, including object recognition, speech recognition, and natural language pro-
cessing, have greatly benefited from hardware advancements that allowed machine-learning algo-
rithms to develop models from big data. However, cloud accessibility may be an issue in some
robotics applications, and perception algorithms deployed on robot platform do not have the
computational resources to leverage these advancements and improve the robots’ models of their
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environments. In addition, decision-making algorithms would greatly benefit from the developed
models to improve decisions. However, these models are computationally expensive for robotics
applications even if they are trained offline; the most successful models are derived from deep
neural networks, which require gigabytes of memory to store the models and millions of opera-
tions to propagate the input through the network and obtain an output. Therefore, future research
should investigate methods to incorporate big data models into computationally constrained and
communication restricted MRS applications to improve task planning and execution.

Deep learning compression [81], deep learning software [114] and hardware accelerators [220],
and neurosynaptic processors like IBM’s TrueNorth chip that can efficiently train neural networks
[8, 191] are research directions that can help MRS leverage big data. Edge computing, which al-
lows network edge devices to perform some computations instead of sending them to the cloud
[190], is another research area that could provide some solutions when cloud accessibility due to
communication constraints is an issue for MRS.

8.2 Internet of Things

While state-of-the-art algorithms in perception and scene understanding have seen significant im-
provements, out-performing humans in some scenarios, integration with robotics applications is
still in its early stages. Furthermore, there is still plenty of information to extract from the envi-
ronment, especially in this era of IoT. Sensor fusion and distributed sensing from heterogeneous
sources are two areas that can help improve perception for robotics applications.

Distributed deep neural networks are one possible solution to sensor fusion and influencing
robots’ decision making [48, 96]. The challenges of IoT-aided robotics have been discussed in
Reference [77], which included security, communication, consensus, and information flow. Ray
et al. proposed combining IoT and robotics into a unified architecture, termed Internet of robotic
things [174], to address some of these challenges by allowing seamless cooperation between the
various “things.” Applications in health care, wearable robotics design such as prosthetics and ex-
oskeletons [147], assistive social robots [199], rescue operations, and others would greatly benefit
from the concept of Internet of robotic things.

8.3 Task Complexity

As tasks become more complex, decision-making algorithms struggle to recognize their complex-
ity and decompose them to simpler tasks that can be solved efficiently. To aid MRS in completing
complex tasks in uncertain environments, the task decomposition step should be automated to
allow re-planning as conditions change. Furthermore, automated task decomposition could make
use of existing ontology and domain-specific dictionaries in natural language processing to de-
compose tasks to sub-tasks. The decomposition could consider the available agents’ capabilities
and the model of the environment, beyond the workflow depicted in Figure 2. Crowdsourcing and
contacting human operators at call centers could also be leveraged to assist robots in decomposing
complex tasks [99]. Reinforcement learning frameworks incorporating this human assistance can
be developed to improve the accuracy of fully autonomous decomposition. Furthermore, Crowd-
Physics, which allows tasks that must be completed in the physical world to be distributed among
humans that need to “collaborate and synchronize in both time and physical space” to success-
fully complete tasks [186] and similar platforms can be used as training data for MRS to learn how
complex tasks are distributed among multiple agents.

8.4 Autonomous Machine Learning

Many machine-learning algorithms still rely on human intervention to manually tune algorithm
parameters. Autonomous machine learning (AutoML) is a machine-learning sub-field striving to
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develop learning algorithms that do not require a human expert to select a learning algorithm,
manually tune parameters, or select data for training [80, 182, 183, 207]. Incorporating AutoML
into MRS would result in general agents that can better handle dynamic environments. Bayesian
optimization has been commonly adopted to eliminate human intervention and further improved
by incorporating a meta-learning phase that looks to similar problems that had been previously
learned to guide its learning into the AutoML workflow [67]. Randomized neural networks that
have fewer tunable hyper-parameters while preserving the algorithm’s responsiveness are one
possible framework for AutoML. Future research should also consider applying or extending Au-
toML algorithms developed for mobile devices [83] to MRS applications. Randomized non-iterative
neural networks are one possible solution for AutoML, because they do not contain as many tun-
able hyper-parameters as iterative neural networks [176]. Furthermore, they have a low compu-
tational profile, making them suitable for mobile devices, and they have found success in control
and time-sensitive applications encountered by MRS.

8.5 Scalability and Heterogeneity Tradeoff

To effectively operate in smart cities, MRS need to be scalable, adaptable, and generalizable to
successfully cope with the dynamic environment and complexity of their tasks. Having multiple
robots act on the environment simultaneously further increases the uncertainty in the system.
Many decentralized MRS planning and control algorithms have been proposed in the literature but
still face challenges when dealing with the tradeoff between scalability and robot heterogeneity
in highly dynamic environments. Therefore, developing efficient planning algorithms that strikes
a task-appropriate balance between scalability and heterogeneity will take MRS a step closer to
more ubiquitous existence in smart cities. Hierarchical approaches where local interactions are
dense and global interactions are sparse could be adopted to improve scalability while allowing
agent heterogeneity.

8.6 Coalition Formation and Task Allocation

Simultaneous coalition formation and task allocation could lead to more optimal mappings and
should be investigated further, since only a few works have considered this approach but obtained
promising results [233]. Furthermore, the coalition and task assignments should be dynamic and
time variant to better cope with task complexity and environment variability. Therefore, coali-
tions might have to be dynamically altered and assigned new tasks before the completion of their
assigned tasks to achieve successful task execution. Coalition formation and task allocation algo-
rithms that allow repeated, dynamic coalition formation and task exemption have been developed
but still face limitations, especially in highly dynamic environments. They should also consider
the tradeoff between agent capabilities’ redundancy within a coalition and fault tolerance or ro-
bustness to agent failures. While many approaches for MAS have been developed, less work has
considered the physical constraints imposed by MRS on coalitions. Future work should consider
real-world experimental results to guide their efforts in realizing a coalition formation and task
allocation algorithm capable of forming effective and efficient robot teams in real-world environ-
ments that successfully complete their assigned tasks.

8.7 Human-in-the-Loop

The term human-in-the-loop refers to a system architecture that requires robots or agents to inter-
act with humans. Humans’ involvement can range from giving agents instructions to executing
actions alongside other robots and tele-operating vehicles. The benefits of such systems include
expanding the scope of tasks MRS can execute without achieving full autonomy, complement-
ing the skills of MRS with those of humans to efficiently execute certain tasks, giving humans
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more control over the system and improving system adaptability and resistance to environmen-
tal stochasticity. However, this system is also faced with many challenges from communication
to responsiveness and fault tolerance. Communicating with agents via text requires the agents
to perform natural language processing to parse messages and text generation to send messages.
Communicating via speech imposes additional complexity by requiring the integrations of speech
recognition and synthesis modules. While these fields have seen significant strides in recent years
with the emergence of deep learning and big data, embodied by systems like Siri, Amazon Alexa,
and others [129], accuracy, computational complexity, and responsiveness are still issues that need
improvements before incorporating them into more complex systems with coordination, synchro-
nization, and time constraints [89]. The responsiveness of the system will suffer when incorporat-
ing humans in the loop due to the additional communication overhead and human performance
variability. Finally, such systems may be more error prone and could be affected by human fatigue
and distractions. Therefore, determining whether human-in-the-loop is an asset or liability in a
given scenario is key to choosing the right system architecture that would lead to the successful
completion of tasks.

8.8 Transfer Learning

The highly stochastic nature of real-world environments and the variability in agent capabilities
within heterogeneous MRS imply that a given MRS will rarely encounter two identical scenar-
ios. However, MRS will encounter many similar scenarios. Therefore, leveraging previous expe-
riences to improve current decision making would significantly improve the performance, adapt-
ability, and robustness of MRS. Transfer learning is a learning paradigm that allows agents to
jump-start their learning by transferring knowledge from previous experiences to current rein-
forcement learning problems instead of learning from scratch during every new scenario [213].
Transfer learning has been applied to MAS [151, 212] and MRS [50] but has yet to be tested in
end-to-end systems deployed in the real world on complex tasks. Furthermore, transfer learning
for RL has been mainly tested on benchmark problems and gaming environments but not in real-
world environments. Therefore, this field of research, which started gaining traction less than two
decades ago [213], still has many open problems that must be addressed before successful integra-
tion into MRS in the real world can be realized.

8.9 Unified Framework

Significant contributions have been made to the various modules in Figure 2. However, one rea-
son that has hindered the successful deployment of fully automated MRS is the fact that most of
the work has mainly dealt with these modules independently. Taking a more holistic approach by
viewing these research fields as connected within a larger field is necessary to take steps toward
successful MRS deployments. Furthermore, feedback connections between the different modules
should be incorporated into the workflow to further improve its efficacy. For example, task de-
composition should be influenced by the capabilities of the agents and coalitions, as well as the
environment’s state estimated by the perception module and vice versa. End-to-end simulations
and real-world experiments will also help in improving the formulated models by identifying ma-
jor weaknesses preventing successful deployment.

8.10 Other Challenges

Communication constraints and connectivity uncertainty further complicate things for coopera-
tive MRS, especially for tightly coordinated problems. While connecting MRS to the cloud also
allows us to reduce the computational load on these mobile devices and improve their perfor-
mance [222], the existence and stability of this connection is uncertain and may sometimes crip-
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ple the system instead of improving its performance. The time sensitivity of certain tasks and
limited hardware resources of robots requires the development of efficient algorithms for de-
cision making, perception, coalition formation, and task decomposition and allocation. Finally,
evaluation standards are needed to effectively compare the performance of MRS, as they are still
underdeveloped.

9 CONCLUSION

In this survey, we presented an overview of MRS that consist of robots with diversity in sensing,
actuation, and computational capabilities. We defined the terminology commonly used in the field
and identified the main components of a workflow that attempts to minimize human intervention
with MRS team formation, task decomposition, task allocation, robot perception, and planning
and control. Then, existing MRS were surveyed and classified based on the degree of human inter-
vention necessary. While many MRS have been proposed in the literature, most of these systems
still require the system designer to decompose complex tasks to simpler sub-tasks and assign tasks
to sub-groups or build robot coalitions with complementary skills. Finally, we surveyed existing
work in each sub-field and discussed some of the challenges faced in each area as well as the overall
system design.
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