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1  Introduction

The increasing integration of robots alongside human work-
ers is shaping new paradigms of collaboration in industry, 
healthcare, services, and mission-critical domains including 
search and rescue operations, disaster response, and space 
exploration [2, 6, 13, 27, 33, 52]. In modern manufactur-
ing environments, human workers now share tasks with col-
laborative robots (i.e., “cobots”) on assembly lines [4, 32, 
56]. Such a novel paradigm, commonly known as “Human-
Robot Collaboration” (HRC), aims to combine human dex-
terity and problem-solving skills with robotic precision and 
repeatability to increase productivity while maintaining 
safety [4, 20, 39]. As real-world applications spread, interac-
tions are shifting from simple dyads to Multi-Human Multi-
Robot (MH-MR) teams, where humans and robots jointly 
pursue shared objectives [13]. The interest in MH-MR 
teams lies in their potential to combine complementary 
strengths of humans and robots: well-coordinated teams can 
improve productivity, robustness, and adaptability to chang-
ing conditions [45]. However, coordinating many agents 
can lead to emergent behaviours and interaction patterns 
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not seen in one-to-one collaborations, resulting in increased 
cognitive demands and risk of operator fatigue, especially 
when control is not dynamically shared [13, 46]: human 
team members may need to divide their attention and tasks 
among multiple robots, while robots must interpret inputs 
from and respond to multiple humans in parallel. Adding 
members does not necessarily enhance performance: only 
careful assessments can reveal whether MH-MR teams 
operate efficiently, safely, and in a coordinated way [8, 41, 
50, 51]. In this way, traditional metrics developed for sim-
pler contexts may not be directly applicable to MH-MR 
teams where teamwork, group dynamics, and coordination 
become critical factors [28, 38, 41, 50]. Additionally, the 
Industry 5.0 paradigm increasingly emphasises human-cen-
tricity, resilience, and sustainability, requiring technical per-
formance evaluations complemented by broader assessment 
frameworks, able to capture cognitive, organisational, and 
social aspects of MH-MR collaboration [7, 17, 37]. Recent 
scientific literature contributions have attempted to move 
in this direction. For example, notable progress has been 
made through the benchmarking model by Riedelbauch et 
al., [50], which proposes a preliminary integrated approach 
for analysing human-robot teams. This framework identi-
fies various assessment dimensions, such as productivity, 
flexibility, job quality, and safety, and introduces a series 
of quantitative metrics to evaluate system performance. 
However, while these metrics are valuable, they have pri-
marily been developed for dyadic human-robot teams, so 
their suitability for complex MH-MR teams is limited. This 
paper extends the work of Riedelbauch et al., [50] by focus-
ing specifically on their “productivity” metrics and adapt-
ing them to the context of MH-MR teams in manufacturing 
assembly scenarios. Although the analysis is grounded in 
this domain, the proposed revisions represent a method-
ological contribution to support future adaptations to other 
MH-MR collaborative domains. In detail, this paper focuses 
on the following research question: what are the main limi-
tations of the existing productivity metrics and how can they 
be revised for assessing productivity in MH-MR teams?

The article is organised as follows: Sect. 2 introduces the 
concept of MH-MR teams and the main critical factors; Sect. 
3 analyses the existing productivity metrics selected for this 
study; Sect. 4 presents an assembly case study to verify the 
adaptability of these metrics to MH-MR teams; Sect. 5 dis-
cusses the proposed improvements and their implementa-
tion in the explanatory case study; Sect. 6 summarises the 
main results, limitations and discusses directions for future 
developments.

2  Literature review

As human-robot collaboration (HRC) moves beyond simple 
dyads, the need for clear definitions becomes increasingly 
important, particularly in complex manufacturing envi-
ronments. Although the term “human-robot team” (HRT) 
is widely used, its meaning can vary significantly across 
studies and is often imprecise when applied to heteroge-
neous multi-agent systems. To provide a more solid basis 
for this work, the authors adopt the following definition 
of a MH-MR team: “a Multi-Human Multi-Robot (MH-
MR) team is a structured group composed of at least three 
heterogeneous agents, including both human and robotic 
members, working together towards a shared goal through 
continuous interaction, information exchange, effective 
coordination, clear task allocation, and dynamic collabo-
ration between agents throughout the production process”. 
Figure 1 conceptually illustrates this definition, highlighting 
heterogeneity, shared workspace interaction, and coordi-
nated task execution among multiple agents.

This definition emphasises the team as an integrated 
system, in which interactions between agents, rather than 
simply coexistence, drive the overall performance. This is 
particularly important in manufacturing, where structured 
collaboration, task interdependence, and real-time coordi-
nation play a crucial role.

In fact, by adopting this refined definition, the paper 
avoids the ambiguity where the term “team” is used incon-
sistently, sometimes being applied to dyadic or coupled sys-
tems [14, 24, 26]. We also include cases that involve three 
agents in the team [1], two robots and one human, or vice 
versa, providing that they are actively cooperating to com-
plete assigned missions and shared goals [13, 29]. However, 
adding multiple humans and robots to the same environment 
significantly increases complexity, raising challenges absent 
in dyadic systems and giving crucial meaning to the concept 
of teamwork [38]. MH-MR teams are inherently dynamic 
and heterogeneous: roles, task allocation, communication 
flows, and coordination patterns may continuously evolve 
throughout task execution [35, 58]. This adds uncertainty 
and non-linearity to the interaction, making it difficult to 
predict outcomes or apply static coordination models. Man-
aging these interactions requires refined teaming strategies 
that support real-time adaptation, shared situational aware-
ness, and cognitive load balancing across human and robotic 
agents [15, 21, 40, 55]. For these reasons, our definition 
includes the aspects of continuous interactions, information 
exchange, coordination, and dynamic collaboration [11].
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Implementing such teams is a challenging activity. 
MH-MR teams are characterised by several structural factors 
that determine their success, and that should be taken into 
account in the performance assessment. Team size and team 
composition (i.e., the ratio of humans to robots in a team), 
if not properly designed, can undermine team cohesion, 
team performance, and member well-being [16]. Establish-
ing cohesion among team members is necessary to build a 
seamless collaboration with their robotic counterparts [12]. 
Individual characteristics of each team member and the 
occurrence of external factors can impact on the outcome 
of the teaming [38]. Due to their intrinsic heterogeneity and 
evolving structure, MH-MR teams are subject to dynamic 
changes that may introduce additional variables, requiring 
careful coordination and control [58]. For example, tasks 
must be reassigned dynamically when agents’ capabilities 
change because of fatigue, overload, failure, or evolving 
mission requirements [41, 59]. Human conditions, such as 
cognitive workload, performance, and emotions, may vary 

over time in response to internal or environmental factors 
[10, 29]. If not carefully managed, they can negatively affect 
the MH-MR team’s overall performance. Identifying effec-
tive strategies to achieve better performance and ensure 
balanced workload distribution among all team members 
is a key challenge [29, 44]. Trust between team members, 
both human and robotic, plays a critical role in shaping the 
fluency of interaction, which in turn affects the quality of 
coordination and the team’s overall effectiveness [14, 23, 
25]. Communication is an important coordination mecha-
nism that influences situational awareness and exchange of 
information among team members [19]. Negative effects 
of communication may increase workload, reduce perfor-
mance, and interfere with the achievement of shared objec-
tives [19, 44].

While MH-MR teams can offer significant advantages 
in terms of efficiency, flexibility, and coordination [29, 
45], their effectiveness depends on the ability to man-
age complexity at multiple levels. This highlights the 

Fig. 1  An explanatory represen-
tation of a MH-MR team in a 
manufacturing scenario, showing 
heterogeneous human and robotic 
agents interacting within a shared 
workspace
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collaborative robots. Market analyses project that the global 
collaborative robotics market will reach approximately 
USD 2.28 billion by 2026 and exceed USD 5.7 billion by 
2031 (Mordor Intelligence, [42]). These trends highlight the 
need for structured productivity assessment approaches tai-
lored to MH-MR manufacturing contexts.

3  Assessing MH-MR teams with a focus on 
productivity

Among the few assessment approaches presented in the 
literature, the work of Riedelbauch et al., [50] proposes 
a framework specifically designed for the assessment of 
human-robot teams. The framework explores different 
dimensions of analysis (productivity, flexibility, job quality, 
and safety), identifying key elements, and, in certain cases, 
recommending the use of targeted assessment metrics. 
Although it provides an initial structure for understanding 
the many critical aspects to be considered when implement-
ing a MH-MR team, questions arise about the framework’s 
ability to capture all the relevant dimensions and the effec-
tiveness of the suggested metrics. Focusing on “Produc-
tivity”, this paper critically analyses how the productivity 
metrics defined by Riedelbauch et al., [50] perform when 
applied to MH-MR teams. Table 1 reports a synthesis of the 
model proposed by Riedelbauch et al., [50].

The rest of this section is divided into seven subsections, 
each of which explains a productivity metric from the Rie-
delbauch’s model.

3.1  Cooperative Speed-Up

The first analysed indicator is Cooperative Speed-Up 
( SH/R), as follows:

need for comprehensive and coherent approaches capable 
of capturing the full range of dynamics that characterise 
MH-MR teams [38, 49]. Models and metrics should sup-
port the understanding of how humans and robots interact 
and mutually adapt to each other. Traditional assessment 
methods developed for human-robot collaboration (HRC) 
and simpler human-robot interaction (HRI) scenarios may 
no longer be adequate or effective when applied to MH-MR 
team dynamics. Over the past two decades, researchers pro-
posed numerous metrics and assessment methodologies, 
initially focused mainly on objective metrics [22, 43, 53, 
54]. Later, research in HRC and HRI expanded to include 
subjective metrics related to the human operator’s experi-
ence [5, 24, 31]. In parallel, other contributions addressed 
teamwork-specific metrics that reflect the quality of interac-
tion and group coordination [3, 25, 28, 38]. Despite these 
advancements, these key indicators are originally developed 
for dyadic interactions and may not adequately reflect the 
challenges of larger and heterogeneous teams. In fact, the 
increased complexity of MH-MR teams amplifies coordina-
tion demands across physical, communicative, and cogni-
tive dimensions, while exposing limitations in traditional 
performance metrics, that fail to account for new involved 
factors and teamwork aspects [38]. In particular, this paper 
focuses on the evaluation of productivity in MH-MR teams, 
by analysing selected existing metrics, and through their 
application to an explanatory case study, to support the 
development of effective assessment approaches.

To contextualise the maturity of research on mixed 
human-robot teams, a literature screening identified 330 
journal articles published over the past decade. As shown 
in Fig. 2, the number of publications has steadily increased. 
However, only approximately 16% of these studies explic-
itly address industrial applications. This limited avail-
ability contrasts with the growing industrial adoption of 

Fig. 2  Annual number of journal 
publications on mixed human-
robot teams (2015–2026)
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This metric quantifies the proportion of time saved when a 
human collaborates with a robot, rather than completing the 
task alone. Relative Helpfulness domain ranges from −∞  
to 1 (HR ∈ (−∞ , 1]), although reaching a value of 1 is 
not realistic in practical scenarios, as it would imply that 
HRT completes the task in zero time. Its interpretation is 
described as follows:

	● If HR ≈ 1, the robot reduces the cycle time to the 
minimum.

	● If HR = 0, it means that DH  and DH/R are equal, 
indicating that there is no improvement.

	● If HR < 0, the robot contributes to increasing the task 
duration due to inefficiencies or poor coordination.

Relative Helpfulness is a normalised measure of the robot’s 
contribution expressed as a percentage of time saved. It 
is useful for assessing if the integration of the robot truly 
brings value.

3.3  Capability indicators

Capability Indicators assess how well the allocation of 
subtasks is in line with the specific characteristics of each 
team member (human and robot agents). As also said by 
Riedelbauch et al., [50], humans generally excel in dexter-
ity and sensorimotor abilities, while robots are very good 
in precision or in repetitive tasks. Considering that, an 
efficient subtask allocation should reflect these differences 
and do not assign a difficult manipulation task to a robot 
and a repetitive positioning task to a human. In this case, 
there will certainly be suboptimal performance. So, these 
indicators quantify the suitability of each agent for a given 
subtask τ by assigning a real-valued score, denoted as 
cH (τ ) for humans and cR (τ ) for robots. Higher scores 
indicate better alignment between the agent’s capabilities 
and the subtask requirements. The definition of cH (τ ) 
and cR (τ ) is obtained following different methods or 
approaches, like Ranz et al., [48], Lamon et al., [34] and 
Liau and Ryu [36]. Such capability indicators can be used 
in two ways:

	●   In pre-execution task allocation, as an optimisation cri-
terion in static planning [30, 47];

	●   In post-execution, to evaluate the effectiveness of dy-
namic allocation decisions [47, 50]. 

 

SH/R = DH

DH/R
� (1)

where DH is the time required for a human worker to 
manually complete a task (e.g., assembling a single prod-
uct unit) and DH/R is the duration of completing the same 
task when partly automated by a human-robot team. These 
durations are derived using Methods-Time Measurement 
(MTM) tables [50] and do not capture execution variabil-
ity, human learning effects, fatigue, or robot latency. The 
meaning of this metric is to compare the speed of execution 
between a human and a human-robot team and possibly see 
the reduction in time due to the benefits of working in a 
team. Cooperative Speed-Up domain is SH/R ∈ [0, +∞ ). 
Its interpretation is described as follows:

	● If SH/R > 1, the human-robot team is faster than a sin-
gle human.

	● If SH/R = 1, it means that DH  and DH/R are equal, 
which indicates that the human-robot team performs at 
the same speed as a single human.

	● If SH/R < 1, the human-robot team is slower than a 
single human.

3.2  Relative Helpfulness

The second metric defined is Relative Helpfulness ( HR), 
derived from the Cooperative Speed-Up SH/R. It is defined 
as follows:

HR =
DH − DH/R

DH
= 1 − 1

SH/R
� (2)

Table 1  Summary of the productivity metrics described by Riedel-
bauch et al., [50]
Metric Definition
Cooperative 
Speed-Up

Ratio of the completion time of a human 
to that of a human-robot team. It measures 
process acceleration.

Relative Helpfulness The percentage of time saved due to robot 
assistance.

Capability indicators Quantitative measures to evaluate the suit-
ability of a subtask for a human or a robot, 
based on their capabilities. Higher values 
indicate better alignment.

Robot Error Rate Percentage of unsuccessful attempts by the 
robot.

Human/Robot Idle 
Time

The amount of time the human/robot is inac-
tive during the process.

Concurrent activity Duration where both human and robot are 
working simultaneously.

Robot Participation 
Rate

The percentage of subtasks performed by the 
robot compared to the total number of tasks.
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	● A small deviation between the completion time of the 
HRT ( DH/R) and Dcoop​ indicates successful paralleli-
sation and efficient use of agent capacities.

	● A large deviation between the completion time of the 
HRT ( DH/R) and Dcoop implies that one agent is of-
ten idle, waiting for the other, leading to reduced team 
efficiency.

3.7  Robot Participation Rate

The Robot Participation Rate ( PR) represents how much the 
robot is involved in the process. Specifically, it is defined as:

PR = NR

|T | � (4)

where NR is the number of subtasks handled by the robot, 
and |T | is the overall number of subtasks in which the 
process is divided. Robot Participation Rate domain is 
PR ∈ [0,1] and its interpretation is as follows:

	● If P R = 0, the robot does not participate in the process 
at all ( NR = 0).

	● If PR = 1, only the robot performs the subtasks of the 
process ( NR is equal to |T |).

4  An explanatory assembly case study

To verify the applicability of these productivity metrics in 
the context of MH-MR teams, an explanatory assembly case 
study is considered. The task analysed is the assembly of a 
skateboard, whose Bill of Materials (BOM) is illustrated in 
Fig. 3. Two configurations are analysed:

	● Manual configuration, with a single human agent.
	● MH-MR configuration, with a team composed of two 

human operators and two collaborative robots (see 
Fig. 4).

The assembly process is divided into 3 macro steps, each of 
which must be done twice, once for the front and once for 
the rear of the skateboard: (A) assembly of the truck, (B) 
assembly of the wheels on the truck and (C) truck attach-
ment on the board. These 3 macro steps are further broken 
down into subtasks, which are then allocated to team mem-
bers based on their capabilities. For each configuration, the 
full task allocation is reported in Table 2, in which the last 
column “Time” represents the duration (in seconds) of each 
subtask of the process. In the Manual configuration, the sub-
tasks S1 to S5 and S8 are repeated twice to assemble both 

3.4  Robot Error Rate

The Robot Error Rate (εR) is useful for understanding 
the impact of the human-robot team on productivity. It is 
defined as:

εR = 1 Nsuccess
R

Nattempt
R

� (3)

where Nsuccess
R  is the number of subtasks correctly com-

pleted by the robot and Nattempt
R  is the total number of 

attempts completed by the robot. The main task can be 
divided into different subtasks and then each of them can be 
evaluated to verify the correct execution. The Robot Error 
Rate domain is εR ∈ [0, 1]and its interpretation is described 
as follows:

	● If εR = 0, it means that Nsuccess
R  is equal to Nattempt

R  
and that the robot makes no errors.

	● If εR, it means that Nsuccess
R = 0, suggesting that the 

robot always makes an error.

3.5  Human/Robot Idle time

Idle Time ( Didle) is an indicator of inefficiencies caused 
by temporal mismatches in coordination. It measures how 
long either the human (Human Idle Time, Didle

H ) or the 
robot (Robot Idle Time, Didle

R ) remains inactive during 
the execution of a task. This metric is useful for assessing 
the synchronisation between team members and identify-
ing bottlenecks in collaboration. Idle times can be caused 
by task design, communication delays, or physical limita-
tions. As these indicators represent how well production 
resources are utilised, their value should be minimised for 
optimal productivity. Therefore, they should be interpreted 
as follows:

	● High Idle Times suggest poor coordination or task 
distribution.

	● Low Idle Times indicate better synchronisation and con-
tinuous task engagement by both agents.

3.6  Concurrent activity

Concurrent activity (Dcoop) evaluates the amount of time 
during which humans and robots work simultaneously in 
task execution. It is an important metric for understand-
ing whether the team benefits from true collaboration, or 
if the process is mainly sequential. It can be interpreted as 
follows:
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To better understand the distribution of the subtasks 
among the two configurations, Gantt charts are reported in 
Figs. 5 and 6. These visual timelines show the sequence, 
the duration of each activity, and the eventual parallelism 
of subtasks, supporting the comprehension of the work-
flow organisation. From them, it is also possible to calcu-
late the completion time of each assembly. Following the 

sides of the skateboard and obtain the final product. Instead, 
in the MH-MR configuration the repetition of the tasks is 
divided between the two humans and the two robots.

The execution times reported in Table  2 are based on 
standard-time estimates. These values do not reflect learn-
ing dynamics, variability in execution conditions, potential 
failures or delays due to coordination.

Fig. 4  MH-MR team in the 
assembly setup
 

Fig. 3  Bill of Materials (BOM) of the assembled skateboard
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Table 2  Skateboard’s subtasks, related task allocation for both configurations with specific responsibilities and execution times
Assembly step ID Subtasks Subtasks Configuration Human 1 Human 2 Robot 1 Robot 2 Time (s)
A) Assembly 
of the truck

S1 Baseplate 
positioning

Manual X 2 (for each truck)
MH-MR X X 29

S2 Truck assembly Manual X 35 (for each truck)
MH-MR X X 25

B) Assembly 
of the wheels 
on the truck

S3 Wheel positioning Manual X 3 (for each wheel)
MH-MR X X 8 (for each wheel)

S4 Inserting wheels Manual X 3 (for each wheel)
MH-MR X X 3 (for each wheel)

S5 Wheel clamping Manual X 5 (for each wheel)
MH-MR X X 5 (for each wheel)

C) Assembly 
of the truck on 
the board

S6 Base positioning Manual X 10
MH-MR -

S7 Board positioning Manual X 5
MH-MR X X 48

S8 Truck positioning 
and bolting

Manual X 50 (for each truck)
MH-MR X X 40

Fig. 6  Gantt chart of the assem-
bly process performed by a 
MH-MR team (S1-S8 represent 
the process subtasks described in 
Table 2)

 

Fig. 5  Gantt chart of the assem-
bly process performed by a single 
human operator (S1-S8 represent 
the process subtasks described in 
Table 2)

 

1 3

624



The International Journal of Advanced Manufacturing Technology (2026) 144:617–639

4.3  Capability indicators in MH-MR team

When applied to MH-MR contexts, Capability Indicators do 
not present significant limitations. In fact, they can support 
task allocation in heterogeneous teams by helping to match 
the characteristics of each subtask with the agent whose 
physical and cognitive capabilities are the best fit. These 
indicators can be computed using various approaches, rang-
ing from structured quantitative methods to more qualitative 
assessments. In the presented case study, task allocation is 
based on the task assignment procedure defined by Bruno 
and Antonelli [9], that assesses four decision factors accord-
ing to their absence (factor is equal to 0) or presence (factor 
is equal to 1) to decide if the subtask is more suited to a 
human or a robot:

	● Weight (W), the load of the component. It is set to 1 for 
actions like lifting or holding over time, in which weight 
is a relevant factor.

	● Displacement (Di), the distance of the component. It is 
set to 1 when tools and components are outside of the 
working area and are not easily reachable, so distance is 
a critical factor.

	● Accuracy (A), the precision required in executing the 
subtask. It is set to 1 when the subtask involves high 
precision operations.

	● Dexterity (De), the ability typical of humans to handle 
small or irregular objects. It is set to 1 when dexterity is 
needed to complete the subtask.

After the definition of these indicators, whose application 
to the case study is reported in Table 3, the assigned agent 
is deducted from the decision tree obtained by the authors 
Bruno and Antonelli [9] and shown in Fig. 7.

 

4.4  Robot Error Rate in MH-MR team

The Robot Error Rate (εR) is designed to evaluate the reli-
ability of robotic agents by measuring the proportion of 
process failures relative to total attempts. In the case study, 

nomenclature of Riedelbauch et al., [50], the respective 
completion times of the single human and the MH-MR team 
are DH = 233 s and DH/R = 101 s.

It is worth noting that this case study is an application 
designed to test how the selected productivity metrics behave 
in realistic MH-MR teams, in order to understand limita-
tions and weaknesses of using them. The following subsec-
tions, from 4.1 to 4.8, critically analyse Riedelbauch’s KPIs 
when applied to MH-MR teams for the assembly case study.

4.1  Cooperative Speed-Up in MH-MR team

In the case study, the manually executed assembly task 
required 233 s ( DH ), whereas the same task performed by 
the MH-MR team was completed in 101 s ( DH/R). Based 
on these values, the Cooperative Speed-Up is calculated as:

SH/R = DH

DH/R
= 233

101
= 2.31� (5)

According to its interpretation, this value indicates a reduc-
tion in the execution time during the assembly of the 
MH-MR team. The metric is able to reflect the temporal 
gain of adopting the MH-MR team, but there is no reference 
to the number or composition of the agents involved in the 
task. This can hide some critical aspects of team efficiency, 
such as resource utilisation, coordination, and exchange of 
information between members. Even if SH/R = 2.31 indi-
cates a speed-up, its value may overstate the benefit when 
the team size is ignored. Furthermore, the original formula-
tion of Riedelbauch et al., [50] considers a dyadic collabora-
tion between one human and one robot, making the metric 
less suitable for scenarios of multiple agents.

4.2  Relative Helpfulness in MH-MR team

Using the values from the case study, the Relative Helpful-
ness is calculated as follows:

HR =
DH − DH/R

DH
= 1 − 1

SH/R
= 1 − 1

2.31
= 0.57� (6)

The integration of an additional human and two robots into 
the MH-MR team resulted in a 57% gain in time efficiency. 
Since the Relative Helpfulness depends on the same input 
variables of Cooperative Speed-Up, they share the same 
structural limitations. Specifically, it does not consider the 
number and type of agents. In this case, quadrupling the 
number of agents (from one human to four agents) results 
in a 132 s (from 233 s to 101 s) gain in task execution time, 
without considering that the integration of new members 
can influence design and scalability decisions.

Table 3  Capability indicators for the subtask assignment in the 
MH-MR configuration
ID Subtasks Weight 

(W)
Displace-
ment (Di)

Dexter-
ity (De)

Accuracy 
(A)

Agent

S1 1 0 0 1 Robot
S2 0 1 1 0 Human
S3 1 0 0 1 Robot
S4 0 0 1 0 Human
S5 0 0 1 0 Human
S6 1 0 0 1 Robot
S7 0 0 1 0 Human
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4.5  Human/Robot Idle Time in MH-MR team

The Idle Time metric measures the periods during which 
an agent is inactive, neither performing a task nor directly 
contributing to the workflow because of waiting for another 
agent. In its standard formulation, this metric is typically 
designed for systems involving a single human and a sin-
gle robot. When applied to MH-MR teams, it’s important 
to understand how to interpret idle times across multiple 
agents. Two primary approaches may be considered:

	● Individual-based measurement, where the idle time of 
each agent is reported separately.

	● Aggregated values, where average idle times per agent 
type or a global idle time per agent type can be computed.

In the case study, the results derived from the Gantt charts 
(Figs. 5 and 6) are reported in Table 4, obtained by subtract-
ing from the completion time the sum of the periods during 
which each agent was occupied.

In this configuration, agents of the same type perform 
identical tasks in parallel, resulting in equal idle times and 
consistent conclusions between individual and aggregated 
reporting in MH-MR teams. However, in more heteroge-
neous MH-MR teams, where roles and task assignments 
differ among agents, relying only on aggregated idle time 
may hide important disparities in participation. In these con-
texts, reporting individual idle time becomes necessary for 
identifying unbalanced workloads or underutilised agents.

a total of 4 subtasks were allocated to the two robots (see 
Fig.  6), including: baseplate positioning, wheel position-
ing (repeated by each robot 2 times for taking one wheel 
at a time) and board positioning. All subtasks assigned to 
the robots were successfully completed, with no recorded 
errors. Therefore, the Robot Error Rate in this scenario is:

εR = 1 − Nsuccess
R

Nattempt
R

= 1 − 4
4

= 0� (7)

This result indicates the highest level (εR = 0) of task reli-
ability and coordination among the robotic agents, reflecting 
successful performance.

It is important to recognise that this case study is deter-
ministic and does not incorporate stochastic failures or 
execution variability. In realistic MH-MR environments, 
non-zero error rates are to be expected due to the complex-
ity of the task, sensor uncertainty, or mismatches in coor-
dination. In these situations, unsuccessful attempts would 
increase εR and may require rework or human interven-
tion, thereby affecting the overall duration of the task and 
productivity-related KPIs. For instance, if a robot fails to 
correctly place a wheel, a human operator must intervene to 
complete or repeat the subtask and the number of successful 
attempts ( Nsuccess

R ) would decrease, while the total execu-
tion time ( DMH−MR) would increase, directly impacting 
productivity metrics and potentially altering configuration 
choices.

Since the metric was originally designed for single-robot 
systems [50], its interpretation in MH-MR contexts requires 
clarification regarding whether it should be evaluated at the 
individual level or through aggregation strategies across 
agents.

Table 4  Idle Times related to each configuration for each agent
Manual Assembly Idle Time MH-MR Team Idle Times
Human 1 Human 1 and 2 Robot 1 and 2
0 s 20 s (each) 8 s (each)

Fig. 7  Classification tree pro-
posed by Bruno and Antonelli [9]
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tasks) or separate values (in this case, we obtain a value 
of PR = 4

20 = 0.20 for each robot). A separate PR helps 
identify potential underutilisation or uneven distribution. 
Secondly, when subtasks are performed collaboratively, for 
example, by both a robot and a human simultaneously, or by 
two robots working on the same subtask (e.g., lifting a com-
ponent together as the board in the case study), it is unclear 
whether to count them fully for each agent or apply partial 
weighting. Finally, the metric only considers the number of 
subtasks, ignoring their duration and assuming that all sub-
tasks require similar execution times. As a result, a robot 
performing quick subtasks can have the same Robot Par-
ticipation Rate as another robot executing the same num-
ber of longer, more demanding subtasks (see Fig. 8, where 
Robot 2 completes 4 short subtasks, reaching a higher PR 
than Robot 1, which performs 3 longer subtasks, and it is 
involved for the entire execution time). These limitations 
suggest the revision of this metric to be adapted for MH-MR 
teams.

4.8  General considerations

This section summarises the findings emerged from apply-
ing each productivity metric to the case study. Although 
most metrics provide valuable insights, their use in more 
complex and heterogeneous team settings revealed several 
structural limitations.

In addition to metric-specific considerations, this case 
study reveals that the architecture of the team, its spatial 
configuration, its organisation between members and its 
dependence on how tasks are assigned to the agents play 
a critical role in determining productivity outcomes and 
are not explicitly captured by the analysed metrics. In the 
current setup, the MH-MR team is structured to allow par-
allel execution of certain subtasks. However, alternative 

4.6  Concurrent activity in MH-MR team

Concurrent activity ( Dcoop) measures the time in which all 
the agents operate simultaneously during the process. The 
results in Table 5 were calculated by summing the overlap-
ping time periods shown in the Gantt charts (Figs. 5 and 6), 
during which all the agents were active.

In the manual assembly, the operator is always working 
on the task, and the Concurrent activity is not calculated. In 
contrast, the MH-MR team achieves 73 s of full simultane-
ous activity among all four agents, out of a total task dura-
tion of 101 s.

While high Concurrent activity is generally inter-
preted as a sign of good coordination, particularly when 
it closely approaches the task duration, this assumption 
becomes problematic in MH-MR contexts. The more agents 
involved, the harder it is to achieve sustained parallel work 
across all team members. Therefore, although Concurrent 
activity provides a useful insight into teamwork dynamics, 
it strongly depends on team size, task structure, and inter-
action patterns. For this reason, its application in MH-MR 
settings may require complementary or refined indicators.

4.7  Robot Participation Rate in MH-MR team

The Robot Participation Rate ( PR) is intended to quantify 
how much the robot contributes to the overall process. In 
this case study, the total number of subtasks ( |T |) is 20 
(deduced by the Gantt chart in Fig. 6) and the number of 
subtasks performed by the robots ( NR) is 4 for each robot. 
This results in a Robot Participation Rate of:

PR = NR

|T |
= 8

20
= 0.40� (8)

This value suggests that robots are involved in 40% of 
the production process. As with other metrics, some con-
siderations emerge. Firstly, it is necessary to determine if 
compute a single aggregated value (as done above since 
the two robots work simultaneously and do the same 

Table 5  Concurrent activity computed for each configuration
Manual assembly Dcoop MH-MR team Dcoop

Entire process performed by the single human 73 s

Fig. 8  Gantt chart of the assem-
bly process performed by the 
MH-MR team in the second case 
(S1-S8 represent the process 
subtasks described in Table 6)
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5.1  Collaboration Efficiency (Revision of 
Cooperative Speed-Up)

The original metric of SH/R, defined to assess dyadic 
human-robot collaborations through task completion time 
[50], shows limited effectiveness in MH-MR teams, com-
posed of multiple heterogeneous agents (see Sect. 4.1). 
To address these limitations, two modifications have been 
introduced. The first adjustment removes the metric’s insen-
sitivity to team size and resource utilisation. Cooperative 
Speed-Up only considers efficiency in terms of task execu-
tion time, ignoring how many agents (human or robotic) 
were involved. The revised metric incorporates the total 
number of agents, enabling comparison between human 
only and MH-MR teams.

The second modification is based on the observation 
that the metric, even when adjusted for team size, does not 
distinguish the relative impact of different agent types on 
performance. In this regard, the new formulation introduces 
weight factors ( α h for human agents and α r for robot 
agents), promoting balanced and meaningful task distribu-
tion within the team. In light of these changes, the metric 
has also been renamed Collaboration Efficiency, to reflect 
its broader evaluative scope, emphasising that efficiency 
comes from the quality of collaboration itself, including 
time, effort, and resource management. Collaboration Effi-
ciency metric is defined as:

CEMH−MR = nhM

α h ∗ nhMH−MR + α r ∗ nrMH−MR

∗ DM

DMH−MR
� (9)

Where:

	– DM  is the duration of the purely manual assembly pro-
cess done by the human team;

	– DMH−MR is the duration of the MH-MR team assem-
bly process;

	– nhM  is the number of humans involved in the manual 
assembly (set equal to 1);

	– nhMH−MR is the number of humans in the MH-MR 
team;

configurations (e.g., strictly sequential task flows) would 
lead to different productivity values. For example, Table 6 
shows a more sequential allocation of the skateboard’s 
subtasks among the same MH-MR team, composed of 2 
humans and 2 robots. This alternative configuration affects 
the timing and the workflow of the assembly process (see 
Fig. 8 for the Gantt chart).

In this configuration, the total task completion time exe-
cuted by the MH-MR team increases to 143  s, compared 
to the previous one (Fig.  6, cycle time = 101  s) achieved 
with the parallelised configuration. This increase is due to 
changes in task flow and coordination, not in task complex-
ity or agent composition. As a result, all associated produc-
tivity metrics are affected.

From that, it is possible to highlight a key limitation of 
Riedelbauch’s model productivity metrics: none of them 
explicitly account for team layout, how the subtasks are 
managed, or the type of interaction. In fact, simply rearrang-
ing how agents are organised, spatially or temporally, while 
keeping the task itself constant, can produce significantly 
different results. This underlines the need for more context-
sensitive metrics that can incorporate team structure and 
task interdependencies.

Table 7 outlines each metric, its observed limitations in 
the MH-MR scenario, and possible improvements to extend 
their applicability in MH-MR teams discussed in Sect. 5.

5  Proposal for new MH-MR metrics

This section focuses on refining the productivity metrics, 
adapting them to better reflect the unique characteristics 
and complexities of MH-MR teams: critical factors such as 
agent heterogeneity, subtask allocation, team size, and inter-
actions must be included [18, 57]. Each refined metric is 
defined in the relative subsection (from Sect. 5.1 to 5.7) and 
applied to the MH-MR case study. Section 5.8 then provides 
a general discussion of the integration and applicability of 
the proposed KPI framework.

Table 6  Skateboard’s subtasks and related task allocation for the second MH-MR team configuration
Assembly step ID 

Subtasks
Subtasks Team Human 

1
Human 
2

Robot 
1

Robot 
2

Time (s)

A) Assembly of the truck (done 
twice)

S1 Baseplate positioning MH-MR X 29
S2 Truck assembly MH-MR X 25

B) Assembly of the wheels on the 
truck (done twice for each truck)

S3 Wheel positioning MH-MR X 8 (for each wheel)
S4 Inserting wheels MH-MR X 3 (for each wheel)
S5 Wheel clamping MH-MR X 5 (for each wheel)

C) Assembly of the truck on the 
board (done for each truck)

S7 Board positioning MH-MR X 85
S8 Truck positioning and 

bolting
MH-MR X 40
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with the original formulation (CEMH−MR ∈ [0, +∞ )). 
In particular:

	● If CEMH−MR > 1, the MH-MR team is more efficient 
than the human team.

	● If CEMH−MR = 1, the MH-MR team obtains the same 
result of the human team.

	● If CEMH−MR < 1, the MH-MR team is less efficient 
than the human team.

A higher score indicates better collaborative effectiveness of 
the MH-MR team compared to the human team, consider-
ing the distinct contributions of human and robotic agents. 
Conversely, lower values may indicate inefficient allocation 
of resources, poor coordination, or unbalanced workload. 
Simply increasing the number of agents does not guarantee 
greater efficiency, especially if their coordination or per-
formance is suboptimal. Using Eq.  10, the Collaboration 

	– nrMH−MR is the number of robots in the MH-MR 
team;

	– α h is the relative contribution of humans to the process 
(number of subtasks done by humans/total number of 
subtasks);

	– α r is the relative contribution of robots to the process 
(number of subtasks done by robots/total number of 
subtasks).

The factors α h and α r are derived from task allocation, but 
alternative weighting strategies might be adopted depending 
on the assessment goals and available data, such as basing 
the weights on execution times, cognitive workload, etc. 
Additionally, the choice of setting nhM  equal to 1 is made 
to maintain consistency with the original indicator, which is 
recovered when both nhMH−MR and nrMH−MR are equal 
to 1. The domain of the revised indicator remains consistent 

Metric Identified limitations Proposed improvements
Cooperative 
Speed-up

− Does not account for the num-
ber and type of agents involved 
in task execution.
− Same result for different team 
compositions if completion 
times are equal.

− Introduce number and type of agents as weighting 
factors.
− Incorporate inter-agent dynamics to capture how task 
allocation and coordination affect performance.

Relative 
Helpfulness

− Same limitations as Coopera-
tive Speed-Up.
− Does not isolate the specific 
contribution of each robot.

− Refine based on enhancements to Cooperative 
Speed-up, including agent-specific contributions.

Capability 
indicators

− Its interpretation depends 
on the strategy used to match 
subtasks with agents.

− Use a flexible approach, choosing between qualita-
tive or quantitative techniques based on which best fits 
the context.

Robot Error 
Rate

− Originally designed for single 
robot systems.
− Lacks precision and detail 
when applied to MH-MR teams, 
where robots perform in differ-
ent ways.

− Compute error rate per robot for the individual 
contribution or compute a global error rate to assess 
robotic reliability.
− Extend the computation of Error Rates to human 
operators.
− Define a Team Error Rate to assess overall system 
robustness.

Human/
Robot Idle 
Time

− May obscure participation 
disparities in agent utilisation.

− Clarify the analysis goal and its interpretation: report 
the individual values of each agent to understand the 
individual contribution or aggregate per type of agent 
for a broader overview.

Concurrent 
activity

− Difficult to achieve high val-
ues of concurrent activity with 
larger teams.
− Not a direct indicator of 
productivity.

− Calculate Concurrent activity within subgroups (if 
applicable).
− Use it in combination with other indicators to repre-
sent team collaboration.

Robot 
Participation 
Rate

− Only counts number of sub-
tasks, ignoring task duration or 
difficulty.
− Unclear how to handle shared 
tasks or multiple robots.

− Compute participation rates for each robot separately.
− Aggregate using task-specific weighting to reflect 
shared efforts.
− Consider a Robot Participation Rate based on execu-
tion times.
− Extend the computation of Participation indicators to 
human operators.
− Aggregate individual participation values to compute 
a Team Utilisation Indicator reflecting average resource 
engagement.

Table 7  Limitations and 
suggested improvements of 
productivity metrics for their 
applicability in MH-MR teams
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The value CEMH−MR | 2H  = 1.23 indicates that the 
MH-MR configuration is more efficient than a paral-
lelised two-human baseline. Compared to the value 
CEMH−MR = 1.15  obtained when using a single-human 
baseline, the result shows that the MH-MR configuration’s 
efficiency advantage persists and slightly increases, even 
compared to a stronger manual alternative. Although the 
number of human resources in the baseline doubles, the 
completion time does not decrease proportionally due to 
sequential dependencies and coordination constraints within 
the manual configuration, which lead to a higher Collabo-
ration Efficiency value. Consequently, the MH-MR team 
achieves a comparatively lower completion time relative to 
the number of resources deployed, which reinforces the idea 
that the metric captures effective resource utilisation rather 
than absolute speed alone.

In this way, the new metric gives a more balanced and 
realistic assessment of MH-MR team performance, support-
ing more informed decisions.

5.2  MH-MR Relative Helpfulness

The original Relative Helpfulness quantifies the benefit 
gained in terms of time, by introducing a robot working with 
a human, but inherits the limitations of Cooperative Speed-
Up (see Sect. 4.2). To address these issues, we introduce 
a revised version, named MH-MR Relative Helpfulness 
( HRMH−MR), which builds on the Collaboration Effi-
ciency metric presented in Sect. 5.1, and defined as:

HRMH−MR = 1 − 1
CEMH−MR

� (12)

This metric retains the conceptual structure of the original 
formulation but now is based on the Collaboration Effi-
ciency. Its domain is HR ∈ (−∞ , 1] and maintains the 
original interpretation:

	● If HRMH−MR ≈ 1, the MH-MR team is more helpful 
than the human team in both execution time and re-
source utilisation.

Efficiency of the MH-MR team compared to the single 
human worker is calculated as:

CEMH−MR = nhM

αh∗nhMH−MR
+αr∗nrMH−MR

∗ DM

DMH−MR

= 1
12
20

∗2+
8
20

∗2
∗ 233

101 = 1.15 � (10)

The result indicates that the MH-MR team is approxi-
mately 15% more efficient than the manual configuration. 
The original Cooperative Speed-Up of 2.31 reflects a 57% 
reduction in completion time, but this value considers 
only task duration and not the number of agents involved. 
The Collaboration Efficiency normalises the time gain by 
accounting for resource utilisation. Therefore, the advan-
tage gained through faster execution is partly offset by the 
increased number of agents deployed, resulting in a more 
modest overall improvement. In practical terms, values of 
Collaboration Efficiency below “1” indicate that the addi-
tional resources do not compensate for their cost in terms 
of productivity, whereas values slightly above “1” (e.g., 
1.0–1.1.0.1) suggest marginal gains. Higher values indi-
cate progressively more beneficial collaboration, although 
appropriate thresholds should be calibrated according to 
the specific operational and economic context. Meaningful 
thresholds should be derived from empirical studies across 
real MH-MR teams, taking into account operational costs, 
team composition, and task variability.

In the current formulation, the MH-MR team is com-
pared to a single human reference. However, this metric 
can also be evaluated against alternative reference manual 
baselines performing the same assembly. For this purpose, a 
two-human configuration is defined, as detailed in Table 8, 
where task allocation and responsibilities are redistrib-
uted to maximise parallel execution while respecting task 
dependencies.

Based on the task durations reported from Table 8, the 
resulting duration of the task D2H = DM  is equal to 124 s 
and CEMH−MR can be recomputed as:

CEMH−MR | 2H

= nhM

α h∗nhMH−MR+α r∗nrMH−MR
∗ DM

DMH−MR

= 2
12
20 ∗2+ 8

20 ∗2 ∗ 124
101 = 1.23

� (11)

Table 8  Task allocation for the two-human manual baseline in the skateboard assembly case study
ID Subtasks Subtasks Configuration Human 1 Human 2 Time (s)
S1 Baseplate positioning Manual − 2H X X 2
S2 Truck assembly Manual − 2H X X 35
S3 Wheel positioning Manual − 2H X X 3 (twice per human)
S4 Inserting wheels Manual − 2H X X 3 (twice per human)
S5 Wheel clamping Manual − 2H X X 5 (twice per human)
S6 Base positioning Manual − 2H X 10
S7 Board positioning Manual − 2H X 5
S8 Truck positioning and bolting Manual − 2H X X 50
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5.3  MH-MR capability indicators

In MH-MR contexts, defining capability indicators requires 
consideration on which type of agent is more appropriate 
for the execution of certain subtasks, as discussed in Sect. 
4.3, but also on how choosing between agents of the same 
type. In the case study described, each human performs the 
same activities of the other, as well as robots do. Changing 
the architecture and the organisation of the task following a 
more sequential path as described in Table 6, we need also 
to decide the roles between agents of the same type. For that 
reason, the task assignment procedure executed in Sect. 4.3 
should be extended and repeated for single agent, as illus-
trated in Table 9 for two subtasks. At this point, the classi-
fication tree shown in Sect. 4.3 has been expanded with an 
additional “Displacement” node (highlighted in light blue 
in Fig.  9), used to decide, for example, between Robot 1 
or 2 for subtask 1. In this case, as Robot 2 is positioned 
outside the working area, distance becomes a critical factor 
(Di = 1), making Robot 1 the more suitable choice. Similar 
“Displacement” nodes should be added to the other respon-
sibility rectangles to decide between the agents. However, 
they have been omitted from Fig. 9 for clarity.

 
This extension goes beyond simple task tagging as 

“human” or “robot”. In a basic classification, once a sub-
task is assigned to an agent type, the allocation process 
stops there. By contrast, the proposed MH-MR capability 
indicators introduce a hierarchical decision structure. After 

	● If HRMH−MR= 0, the MH-MR team performs equiva-
lently to the human team; there is no improvement in 
efficiency or use of resources.

	● If HRMH−MR< 0, the MH-MR team is less effective 
compared to the human team.

High values of HRMH−MR mean an effective integration 
of robots into the team. Instead, negative values indicate that 
involving robotic agents may be unjustified. MH-MR Rela-
tive Helpfulness considers team composition, including the 
number and type of agents in the team, facilitating compari-
sons between teams with different structures. Furthermore, 
through the weighting factors, α h and α r, it reflects the 
differentiated impact of humans and robots. Moreover, the 
metric considers both time and resource efficiency, moving 
beyond the simplified interpretation of speed gains alone.

MH-MR Relative Helpfulness applied to the case study 
can be calculated using Eq. (13):

HRMH−MR = 1 − 1
CEMH−MR

= 1 − 1
1.15

= 0.13� (13)

This result indicates a 13% improvement in overall effi-
ciency compared to manual assembly, accounting for time 
savings and team composition. Although lower than the 
57% increase suggested by the original Relative Helpful-
ness, based solely on time reduction, it offers a more realis-
tic view of whether the integration of more agents truly adds 
value in terms of productivity and scalability.

Table 9  Examples of capability indicators for two subtask assignments in the MH-MR configuration of Table 6
ID Subtasks Weight (W) Displacement (Di) Dexterity (De) Accuracy (A) Agent Assigned agent
S1 1 0 0 1 Robot 1 Robot 1
S1 1 1 0 1 Robot 2
S2 0 0 1 0 Human 1 Human 1
S2 0 1 1 0 Human 2

Fig. 9  Extension of the classifica-
tion tree proposed by Bruno and 
Antonelli [9]
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computed in order to provide an overall indication of team 
robustness and its success.

5.5  MH-MR Human/Robot Idle time

As with the previous metric, it is possible to take a global 
perspective of the type of agent involved in the MH-MR 
team or conduct an individual analysis to determine each 
agent’s resource usage. Section 4.5 reports the individual 
values of each agent. In this section, we will define ways to 
calculate MH-MR Human and Robot Idle Time. As these 
can be obtained in the same way, some alternatives for com-
puting the MH-MR Human Idle Time are described below:

1.	 Mean Human Idle Time: the average of all the individ-
ual human idle times, to have an overall indication of 
the human agents.

2.	 Maximum Human Idle Time: the highest individual 
value, to identify the less involved agent between 
humans.

The MH-MR Human Idle Time for the first configuration 
remains the same, despite the adoption of different strategies, 
due to the symmetry of task execution. However, the two 
alternatives 1 and 2 can be applied to the second MH-MR 
team configuration ( nhMH−MR = 2). The individual val-
ues of each human can be deducted from the Gantt chart 
in Fig. 8 ( Didle

H1 = 13 s and Didle
H2 = 111 s). The results of 

MH-MR Human Idle Time are reported in Table 10.
The choice of how to aggregate MH-MR Human Idle 

Time depends on the specific goals of the analysis. Using 
the right strategy ensures that the metric aligns with the 
intended evaluation perspective. In the proposed MH-MR 
framework, Idle Time is not an isolated descriptive metric 
but a structural component of the participation indicators. In 
fact, Participation Indicators (Sect. 5.7) are directly derived 
from the complement of individual idle time with respect 
to total process duration. Consequently, variations in idle 
time modify participation values and influence the so named 
Team Utilisation Indicator (see Sect. 5.7).

5.6  MH-MR Concurrent activity

The Concurrent activity metric is a way of measuring the 
extent to which agents operate in parallel during task execu-
tion. However, as the size of the MH-MR team increases, 

identifying the suitable agent type, additional contextual cri-
teria determine the specific agent responsible for execution. 
For instance, if Subtask S1 requires robotic precision, a basic 
approach would assign it to a robot in general. However, in 
the extended structure, the displacement criterion differenti-
ates between Robot 1 and Robot 2, selecting the agent best 
positioned to perform the task. This differentiation within 
types is particularly relevant in MH-MR configurations, 
where the effectiveness of tasks depends on contextual and 
organisational factors, and multiple agents of the same type 
coexist. Selecting the most appropriate agent in MH-MR 
teams should include considering individual capabilities, 
but also spatial proximity to the task location, ergonomic 
constraints, visibility, and freedom of movement, which are 
characteristics of each specific agent.

5.4  Error Rate indicators in MH-MR teams

As mentioned in Sect. 4.4, it is important to define the 
evaluation perspective to follow. Once the individual Robot 
Error Rate is computed, several strategies can be adopted to 
calculate an aggregate MH-MR Robot Error Rate, some of 
which are outlined below:

1.	 Mean Robot Error Rate: the average of all the individual 
rates, to have an overall indication of team performance.

2.	 Maximum Robot Error Rate: the highest individual 
error rate, to identify the weakest performance between 
robots and which would be critical.

Computing a single global error rate following certain strat-
egies, such as the Mean Robot Error Rate, might obscure 
discrepancies between robots: one robot could perform 
perfectly while another frequently fails, yet the combined 
metric would not reflect this disparity. However, this 
global approach gives a broader overview of the robotic 
performance.

This formulation of individual Robot Error Rates can be 
extended to include individual Human Error Rates, focus-
ing on the subtasks performed by human operators. The 
same aggregation strategies described above (e.g., Mean 
and Maximum Error Rate) can then be applied to calcu-
late an aggregate MH-MR Human Error Rate. Moreover, 
a Team Error Rate, that accounts for all unsuccessful sub-
task attempts independently of the executing agent, can be 

Table 10  Example of MH-MR Human Idle Time aggregation using two different strategies
MH-MR Human Idle time Result
Mean Human Idle Time

MeanMH−MR Didle
H = Didle

H1 +Didle
H2

nhMH−MR
= 13+111

2 = 62 s  

Maximum Human Idle Time MaxMH−MR Didle
H = max

(
Didle

H1 ; Didle
H2

)
  

= max (13; 111)= 111 s   
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	● If RPIRi = 1, the robot i works continuously through-
out the process ( DRi  is equal to DMH−MR).

	● If RPIRi = 0, the robot i does not participate at all in 
the process ( DRi = 0).

This version of the indicator supports direct comparisons 
between robots, helping to identify uneven workload distri-
butions or opportunities for better task balancing.

The proposed RPI is therefore a time-weighted extension 
of the original Robot Participation Rate, explicitly com-
puted for the analysed MH-MR configurations.

In the first MH-MR configuration of the skateboard 
assembly case study, both robots are assigned identical tasks 
and operate in parallel. From the Gantt chart and task allo-
cation (Fig. 6; Table 2), each robot is actively engaged for 
93 s during the overall process, which lasts 101 s. Applying 
Eq. (15), the individual RPI values are:

RPI1 = RPI2

= DR1
DMH−MR

= DMH−MR − Didle
R1

DMH−MR

= 101−8
101 = 93

101 = 0.92
� (15)

These values indicate that each robot is active for 92% of the 
total task duration. This time-based representation captures 
the actual effort and temporal engagement of each robot, 
which would not be visible through simple subtask count-
ing. For example, applying this new metric to the second 
MH-MR configuration (see Fig. 8), we obtain different RPIs 
for each robot. They are calculated as follows:

RPI1 = DR1
DMH−MR

= DMH−MR − Didle
R1

DMH−MR
= 143−111

143 = 32
143 = 0.22

RPI2 = DR2
DMH−MR

= DMH−MR − Didle
R2

DMH−MR
= 143−0

143 = 143
143 = 1

� (16)

These additional results highlight how the RPI can identify 
differences in workload distribution between robots within 
the same team. In the second configuration, Robot 1 is active 
for only 22% of the process, whereas Robot 2 is active for 
100% of the task. Such a disparity would not be captured by 
a metric based solely on the number of subtasks completed 
(see Sect. 4.7), especially if both robots were assigned the 
same number of tasks. Thus, the RPI provides a more accu-
rate evaluation of robot engagement and identifies opportu-
nities for more effective workload redistribution in MH-MR 
teams. As with other individual-based metrics, once the RPI 
for each robot has been calculated, different aggregation 
strategies can be adopted to derive a single overall indicator 
for the MH-MR team. These include:

1.	 Mean RPI, which offers a general overview of robot 
involvement.

2.	 Maximum RPI, which highlights the robot with the 
highest utilisation.

it becomes progressively less likely that all agents (both 
human and robotic) will be active simultaneously through-
out the process. In larger teams, concurrent activity tends 
to be localised within specific subgroups or task phases. It 
is important to contextualise the interpretation of Concur-
rent activity with respect to the team structure, including its 
composition, the task allocation strategy, and the underlying 
collaborative architecture. The expected level of concur-
rency is greatly influenced by whether agents are arranged 
hierarchically, work in parallel streams, or follow a sequen-
tial handover.

Concurrent activity captures a dimension that is not 
reducible to participation or efficiency indicators. While 
Idle Time and Participation Indicators quantify individual 
engagement, Concurrent activity measures the extent to 
which all agents are simultaneously active, reflecting the 
team’s structural coordination pattern. Two configurations 
may exhibit similar participation or efficiency values while 
differing substantially in synchronisation. Therefore, Con-
current activity is retained as an independent metric to pre-
serve information about collaborative structure that would 
otherwise be lost in aggregated indicators.

5.7  Participation indicators MH-MR teams

The original Robot Participation Rate presents a simple 
overview of robot involvement: it assumes that all subtasks 
are of equal duration and complexity, and it does not account 
for collaborative or shared task execution. To resolve these 
limitations, we propose a revised metric: the Robot Partici-
pation Indicator (RPI), which measures robot contribution 
based on the actual time spent working of each one, rather 
than the number of subtasks completed. This individual per-
spective provides a dedicated value for each robot, express-
ing how much time that specific robot is active during the 
process relative to the total time of execution. The new for-
mulation of the Robot Participation Indicator for a single 
robot is reported below:

RPIRi = DRi

DMH−MR
=

DMH−MR − Didle
Ri

DMH−MR
for each robot i� (14)

Where:

	– DRi  is the time during which the robot i is actively en-
gaged in subtasks.

	– DMH−MR is the duration of the MH-MR team assem-
bly process.

The domain is RPIRi
∈ [0,1] and it can be interpreted as 

follows:
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Where:

	– RPIi and HPIj  are the individual participation rates 
of robots and humans involved;

	– nrMH−MR is the number of robots in the MH-MR 
team;

	– nhMH−MR is the number of humans in the MH-MR 
team;

The domain of the Team Utilisation Indicator is 
TUI ∈ [0,1].

	● If TUI = 1, all agents are continuously active through-
out the process.

	● If TUI = 0, no agent is engaged in task execution.

The application of TUI to the second MH-MR team con-
figuration (see Fig. 8) involving two humans and two robots 
is computed as follows:

TUI = RP I1+ RP I2 + HP I1 + HP I2
nrMH−MR+ nhMH−MR

= 0.22+1+0.91+0.22
2+2 = 2.35

4 = 0.59 � (20)

This team-level indicator, derived from individual idle 
times, provides a synthetic measure of overall resource 
utilisation, reflecting the average active engagement of 
team members in MH-MR contexts. In the analysed con-
figuration, the obtained value (TUI = 0.59) indicates that, 
on average, agents are active for around 59% of the total 
process duration. This reveals a moderate utilisation level 
and highlights an imbalanced level of participation among 
team members.

For a complete interpretation, the TUI should be inter-
preted together with MH-MR Concurrent Activity, that cap-
tures full-team synchronisation and parallelism, to avoid 
potential loss of information when using a single aggregated 
indicator [18].

5.8  General discussion

To clarify the position of the proposed framework relative 
to existing literature on the evaluation of MH-MR teams’ 
performance, Table 11 compares recent research studies. 
Starting from Riedelbauch et al., [50], that we use as a 
basis to define new KPIs for MH-MR teams, the reported 
approaches focus on teamwork perspective [38], on team 
fluency metrics [25] and on multi-robot multi-operator 
prediction model [8]. This paper proposes reformulated 
productivity KPIs explicitly extended to MH-MR teams, 
incorporating team composition, agent-type heterogeneity, 
task participation, and system robustness considerations 
within a quantitative framework.

3.	 Minimum RPI, which helps identify underutilised 
agents.

As discussed before, the choice of aggregation method 
should align with the evaluation goals, whether the focus 
is on overall resource use, efficiency, or identifying perfor-
mance outliers within the team.

The same formulation can be symmetrically extended to 
human operators. A Human Participation Indicator (HPI) 
can be defined for each human agent as:

HPIHi = DHi

DMH−MR
=

DMH−MR − Didle
Hi

DMH−MR
for each human i� (17)

Where:

	– DHi  is the time during which the human i is actively 
engaged in subtasks, obtained from the total process du-
ration and the idle time of each one.

	– DMH−MR is the duration of the MH-MR team assem-
bly process.

As before, the domain of HPIHi  is HPIHi
∈ [0,1] and it 

can be interpreted as follows:

	● If HPIHi = 1, the human i works continuously 
throughout the process ( DHi  is equal to DMH−MR).

	● If HPIHi = 0, the human i does not participate at all in 
the process ( DHi = 0).

This allows direct comparison between robotic and human 
contributions within the same MH-MR configuration. When 
we apply this new metric to the second MH-MR configura-
tion (see Fig. 8), we obtain a different HPI for each human. 
They are calculated as follows:

HPI1 = DH1
DMH−MR

= DMH−MR − Didle
H1

DMH−MR
= 143−13

143 = 130
143 = 0.91

HPI2 = DH2
DMH−MR

= DMH−MR − Didle
H2

DMH−MR
= 143−111

143 = 32
143 = 0.22

� (18)

Similar to the RPI, various aggregation strategies can be 
applied to HPI values, including Mean HPI, Maximum HPI 
and Minimum HPI. This allows the evaluation to focus on 
either overall human engagement, peak utilisation, or the 
identification of underutilised human operators.

In addition to individual participation indicators, a Team 
Utilisation Indicator (TUI) can be defined as the average 
active-time ratio across all agents:

TUI =
(∑ nrMH−MR

i=1 RPIi +
∑ nhMH−MR

j=1 HPIj

)

nrMH−MR + nhMH−MR

� (19)
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contribution, participation balance, agent-type differentia-
tion, team size) are structural properties of mixed human-
robot teams.

Finally, a further examination of the robustness of the 
proposed KPIs under proportional time variations is pro-
vided in Appendix A.

6  Conclusions

Multi-Human Multi-Robot (MH-MR) teams are expected 
to transform collaborative dynamics across a wide 
range of industries, but they introduce new levels of 
complexity and continuous coordination. Compared to 
dyadic HRC configurations, MH-MR teams usually do 
not operate on fixed interaction paths: roles, informa-
tion flows and collaboration dynamics may evolve dur-
ing task execution and must be managed in real time 
[44]. In particular, human operators may simultaneously 
interact with robotic agents and coordinate with other 
humans, increasing the need for shared situational aware-
ness and effective decision-support tools [41]. These 
organisational and cognitive challenges underscore the 
importance of structured, multi-dimensional evaluation 
strategies. This study makes a contribution to this area 
by proposing revised productivity metrics for assessing 

The comparison between frameworks highlights three 
main aspects. First, while time-based evaluation is com-
mon across the considered papers, the level at which it is 
addressed differs substantially, ranging from interaction-
level timing measures to system-level cycle time model-
ling. Second, explicit modelling of team size and agent-type 
differentiation within KPI definitions remains very limited. 
Third, quantitative indicators capturing task participation in 
MH-MR contexts are not systematically integrated, unlike 
the proposed formulation.

Regarding the Collaboration Efficiency metric, a sim-
plifying assumption is adopted: agents belonging to the 
same category (humans and robots) are considered equal in 
terms of performance and their contribution is assumed to 
scale linearly with their number. However, in real MH-MR 
teams, differences in type of robots, skill levels, capabilities, 
autonomy, or utilisation may lead to potential differentia-
tion within the same agent type. Although the current model 
defines different weighting factors to capture human and 
robotic contributions, other weighting strategies could be 
introduced to consider this variability between each single 
agent.

Moreover, the proposed KPIs have been developed 
and validated within manufacturing assembly scenarios, 
which represent the empirical context of this study. How-
ever, the underlying dimensions addressed (e.g. time-based 

Table 11  Comparison of evaluation dimensions for MH-MR teams in existing frameworks
Analysis dimension Riedelbauch et al., 

[50]
Ma et al., [38] Hoffman, [25] Boschetti et al., [8] This document

 Productivity times Productivity met-
rics (e.g., coop-
erative speed-up, 
makespan)

Mission/task 
duration

Idle time, concur-
rent activity, 
functional delay

System-level cycle time 
and normalized makes-
pan modelling

Productivity KPIs 
explicitly extended 
to MH-MR teams

 Team size Primarily dyadic 
HRT benchmarking

Explicit 
MH-MR team 
structures

Dyadic (1 H-1R) 
model

Multi-robot, multi-opera-
tor configurations

Explicitly modelled 
as a variable within 
KPI formulation

 KPIs on agents Separate metrics 
between agents

No explicit 
agent-differenti-
ated KPIs

No explicit agent-
differentiated 
KPIs

No explicit agent-differ-
entiated KPIs

KPIs with weighted 
human and robot 
contributions

 Task contribution/Participation Participation rate 
(subtask-based) and 
idle metrics

Not explicitly 
quantified

Indirectly 
reflected via idle 
and concurrency 
metrics

Indirectly reflected (e.g. 
collaboration parameter 
c%) but no explicit par-
ticipation metric

Time-based agent 
participation 
indicator and team 
utilisation indicator

 Reliability/Errors Robot error rate 
metrics

Reliability 
discussed at 
system/team 
level

Not explicitly 
addressed

Not explicitly addressed Error rate indica-
tors in MH-MR 
teams

 Manufacturing focus Yes, collaborative 
assembly systems

No, general 
HRT domains

No, general HRC 
domains

Yes, collaborative assem-
bly systems

Yes, collaborative 
assembly systems

 Level of evaluation Agent level Teamwork level Interaction level System-level Agent-level and 
MH-MR team-level

 Application field Not described Spacecraft 
maintenance

Turn-taking 
manipulation task

Prototype collaborative 
assembly workcell for 
simulation

Manufacturing 
assembly
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Appendix A: Sensitivity analysis under time 
perturbation

In addition to structural assumptions, robustness under exe-
cution variability represents another relevant aspect of KPI 
validity. As an example, we consider a variation of ± 20% 
in the time of subtasks in the first configuration of MH-MR 
team described (see Table  12). The human-only baseline 
remains unchanged (233  s), allowing direct comparison 
of productivity indicators before and after the variations. 
The resulting effects on Collaboration Efficiency, Relative 
Helpfulness, Idle Times, Concurrent activity, Participation 
indicators and Team Utilisation Indicator are summarised 
in Table 13.

As shown in Table 13, time-based productivity indica-
tors are directly influenced by the ± 20% uniform variation 
applied to all subtasks. The proportional scaling of task dura-
tions leads to corresponding changes in the overall MH-MR 
completion time, significantly affecting efficiency-oriented 
metrics such as Collaboration Efficiency and MH-MR Rel-
ative Helpfulness. The non-symmetric percentage variation 
observed in Collaboration Efficiency (e.g. +25% for a 20% 
reduction in time and − 17% for a 20% increase) derives 
from the reciprocal structure of the time ratio embedded in 
the metric. As it is inversely proportional to the MH-MR 
completion time, proportional reductions in duration result 
in amplified gains, whereas proportional increases gen-
erate attenuated losses. Idle times and concurrent activ-
ity vary proportionally with task durations, reflecting the 

MH-MR teams in manufacturing that address coordina-
tion, task distribution, and type of agents. However, the 
proposed metrics provide only a partial representation of 
MH-MR performance. For example, they do not capture 
directly important dimensions, such as task complexity, 
human operator’s cognitive load, safety, and adaptabil-
ity. In particular, the metrics do not capture temporal 
and behavioural dynamics that emerge in MH-MR teams 
(e.g. operator fatigue, learning curves, inter-agent trust, 
changes in task allocation, team structure over time). 
These limitations also reflect the deterministic nature of 
the present work. The proposed KPIs need to be validated 
through stochastic task-time modelling. Future research 
should therefore assess KPIs’ robustness under variabil-
ity and uncertainty, through experiments in controlled 
and real-world manufacturing environments, as well as 
simulation-based analyses incorporating stochastic task 
durations and alternative team configurations.

Further developments may also extend the proposed 
framework by integrating additional analysis dimensions, 
like cognitive demand, learning effects, human well-being, 
and adaptability to disturbances. Ultimately, the integration 
of these dimensions into real-time adaptive control systems 
may contribute to dynamically optimising MH-MR team 
performance.

In summary, this paper establishes a foundation for a 
more comprehensive, team-oriented assessment approach 
in human-robot collaboration, helping researchers and prac-
titioners to design MH-MR teams that are fast, productive, 
well-coordinated, resilient, and human-aware.

Table 12  Subtask duration perturbation (± 20%) applied to the first configuration of MH-MR team
ID Subtasks −20% perturbed time (s) Previous time (s) + 20% perturbed time (s)
S1 23.20 29 34.80
S2 20 25 30
S3 6.40 8 9.60
S4 2.40 3 3.60
S5 4 5 6
S7 38.40 48 57.60
S8 32 40 48

Table 13  Effect of time perturbation on time-based KPIs
Metric Reference value −20% perturbed value Variation (∆%) + 20% perturbed value Variation (∆%)
CEMH−MR 1.15 1.44 + 25% 0.96 −17%

HRMH−MR 0.13 0.31 + 138% −0.04 −131%

Didle
H1 = Didle

H2
20 s 16 s −20% 24 s + 20%

Didle
R1 = Didle

R2
8 s 6.40 s −20% 9.60 s + 20%

MH − MR DCoop 73 s 58.40 s −20% 87.60 s + 20%

RP I1 = RP I2 0.92 0.92 - 0.92 -
HP I1 = HP I2 0.80 0.80 - 0.80 -
T UI 0.86 0.86 - 0.86 -
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uniform temporal perturbation applied to the process. In 
contrast, participation indicators (RPI and HPI) and the 
Team Utilisation Indicator (TUI) remain unchanged. As 
both individual active times and the total process duration 
are scaled by the same percentage, the ratios that define 
these indicators remain constant. These results confirm that 
efficiency metrics are sensitive to global temporal varia-
tions, whereas utilisation and participation measures are 
structurally invariant under proportional time scaling. This 
distinction reinforces the complementary role of the pro-
posed KPIs in capturing different dimensions of MH-MR 
team performance.
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