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Optimizing Makespan and Ergonomics in Integrating
Collaborative Robots Into Manufacturing Processes
Margaret Pearce, Bilge Mutlu , Julie Shah, and Robert Radwin

Abstract— As collaborative robots begin to appear on factory
floors, there is a need to consider how these robots can best help
their human partners. In this paper, we propose an optimization
framework that generates task assignments and schedules for
a human–robot team with the goal of improving both time and
ergonomics and demonstrate its use in six real-world manufacturing processes that are currently performed manually. Using the
strain index method to quantify human physical stress, we create
a set of solutions with assigned priorities on each goal. The
resulting schedules provide engineers with insight into selecting
the appropriate level of compromise and integrating the robot in
a way that best fits the needs of an individual process.
Note to Practitioners—Collaborative robots promise many
advantages on the shop and factory floor, including low-cost
automation and flexibility in small-batch production. Using this
technology requires engineers to redesign tasks that are currently
performed by human workers to effectively involve human
and robot workers. However, existing quantitative methods for
scheduling and allocating tasks to multiple workers do not
consider factors, such as differences in skill between human and
robot workers or the differential ergonomic impact of tasks on
workers. We propose a method to analyze how the inclusion
of a collaborative robot in an existing process might affect
the makespan of the task and the physical strain the task
places on the human worker. The method enables the engineer
to prioritize and weigh makespan and worker ergonomics in
creating schedules and inspect the resulting task schedules. Using
this method, engineers can determine how the addition of a
collaborative robot might improve makespan and/or reduce job
risk and potential for occupational hazard for human workers,
particularly in tasks that involve high physical strain. We apply
our method to six real-world tasks from various industries to
demonstrate its use and discuss its practical limitations. In our
future work, we plan to develop a software tool that will assist
engineers in the use of our method.
Index
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I. I NTRODUCTION

C

OLLABORATIVE robots are an emerging technology
poised to change the way the work is done in manufacturing settings. To ensure safety, traditional robots have been
physically caged off from humans, performing work that is
isolated from human workers. Collaborative robots, on the
other hand, are designed as underactuated systems to limit
speed and forces that they can apply and, thus, are safe for
humans, to be around humans, and work with humans as
true partners [1]–[3]. Despite their rise in popularity, integrating a collaborative robot into a work process poses many
challenges [4]. While production time and efficiency have
often been used as criteria for assessing the performance of
manufacturing teams [5]–[8], worker ergonomics for a given
job must also be considered. Repetitive motion injuries and
operator fatigue may be prevented by distributing the work in a
manner that reduces physical stress on the human worker while
optimizing the work allocation so that humans and robots are
performing tasks that they are most suitable to perform.
In this paper, we jointly consider time and ergonomics
in the introduction of a collaborative robot into a work
cell. Illustrated at a high level in Fig. 1, we present an
optimization framework that allocates work between a single human and a single robotic worker while minimizing
production “makespan” (task completion time) and human
physical “strain.” Using real-world tasks, we demonstrate the
tradeoffs in makespan and physical strain, as the importance
of each factor is varied. The resulting schedule alternatives
provide process engineers and other stakeholders involved in
integrating collaborative robots with insight into how multiple
factors may be compared in process design.
In Section II, we discuss prior work in human–robot
teaming. We introduce the strain index (SI) method in
Section III and present our approach for capturing time
and ergonomics along with our optimization framework in
Section IV. In Section V, we describe six real-world processes
that cover a range of industries. We discuss the data that
we obtained for each process and how it was translated into
input for the optimizer. Section VI presents the results of
applying our method to the process data followed by a broader
discussion of the results in Section VII.

II. R ELATED W ORK
Prior work has primarily proposed methods for planning
and scheduling work for human–robot teams to maximize
performance indicators. An emerging body of the literature
has considered ergonomic constraints in and consequences of
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Fig. 1.
In this paper, we propose an optimization-based approach to
generate task assignments and schedules to integrate a collaborative robot
into a currently manual manufacturing process. The optimizer provides a
set of schedules that enable process engineers to consider tradeoffs between
minimizing makespan and physical strain on the human worker.

task allocation. In this section, we briefly describe existing
scheduling approaches and recent work considering human
ergonomics.
Several optimization-based approaches have been proposed
to find task assignments and schedules by maximizing a
global reward and minimizing a cost quantity for multiagent
teams. Koes et al. [5] describe a mixed-integer linear program
(MILP) for multirobot teams that maximizes “utility”—the
sum of rewards for tasks evaluated at the time that they were
accomplished. In this search-and-rescue scenario, rewards
decrease linearly with time. Similarly, Ponda et al. [6] present
a task-allocation algorithm for human operators and robotic
agents that minimizes task execution times and cost while
maximizing efficiency. Assembly-time cost and payment cost
have also been explored as a tradeoff [7]. A human–robot
scheduling algorithm by Korsah [9] maximizes the difference
between an overall reward and costs, such as overall travel
and waiting/delay costs.
Other approaches involve scalable models that can solve
assignment and scheduling problems for a large number of
agents in minimal time, such as Tercio—an efficient task
assignment and scheduling algorithm that supports on-the-fly
replanning for a large number of tasks and agents [8].
The concept of using intelligent assist devices for reducing
physical stress in manufacturing operations was introduced
by Krüger et al. [10]. Robotic task sharing for the purpose
of relieving the human operator from excessive physical
demands of work, as well as for reducing human errors,
was previously considered from an ergonomics perspective by
Ogorodnikova [11].
Research on the allocation of manufacturing tasks to human
and robot operators has focused mainly on determining and
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minimizing safety risks, although more recent work has considered the ergonomic benefits of the integration of robots into
task plans for human workers [12]–[14]. Farber et al. [15]
described an approach for considering ergonomics as well as
human movement capability to ascertain the optimal assembly
sequences for human–robot collaboration. They considered
cognitive and physical properties as well as functionalallocation criteria that minimized ergonomically poor work
conditions while minimizing the number of human–robot
changes in the workflow. Execution time between assembly steps allocated to the human and robot utilized the
methods-time measurement predetermined time system, while
ergonomic factors were based on a linear combination of the
Ovako Working Posture Analysis Systems, which is limited to
categorize common postures. This approach was not applied
to actual tasks, as not all influencing factors identified could
be quantified.
While prior work has recognized the importance of considering ergonomics in task allocation and scheduling for
human–robot teams, the literature, to date, focuses primarily on ergonomic consequences of integrating robots into
task plans. Furthermore, research that has considered the
ergonomic characteristics of tasks in the planning of tasks
for human–robot teams does not offer a flexible, operational framework for quantifying human ergonomics and for
exploring the tradeoffs between ergonomic and productivity
benefits of possible task plans. This paper closes this gap
by presenting an optimization-based approach that utilizes
hierarchical modeling to quantify physical stress in assembly
operations at the work-element level and generates human–
robot task plans optimized to jointly improve production time
and ergonomics. The resulting plans for task allocation and
scheduling serve as a decision-making aid for engineers to
determine whether or not the integration of robots would
benefit a given operation and to explore tradeoffs between
the productivity of the operation and its ergonomic impact
on human workers.
III. A PPROACH
In this section, we present our approach to compute task
schedules and assignments by jointly considering time and
ergonomics to integrate a collaborative robot. We first define
key terms to describe work at different levels. Next, a process
for quantifying physical stress is introduced along with our
method of quantification. Finally, the optimization framework and its mathematical formulation are described. While
humans are the best at performing work that requires fine and
adaptive motor adjustments, processing complex information,
and responding to unexpected conditions and high flexibility,
robots excel in areas that physically stress humans. Collaborative robots are well suited to assume work involving awkward
postures and orientations, repetitive motions, and tight grips
and sustained forces for long periods of time—all recognized
risk factors for musculoskeletal injuries and fatigue [16].
A. Definitions
Throughout this paper, the definitions of “job,” “task,” and
“work element” as described by Radwin et al. [17] will be
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used. Under this terminology, a worker has a job that he/she
performs during a shift. Each worker has one and only one
job (e.g., an individual could have a job as a construction
worker). A job is composed of several different tasks that
may span different operational goals. Furthermore, each task
in a job consists of work elements that describe the required
steps to perform a task from start to finish. As an example,
a worker might be assigned to an assembly task for part of
the day and a packaging task for the rest of the day. In the
packaging task, the worker might retrieve parts and place them
in a box. Retrieving parts is one work element that makes up
the packaging task.
B. Strain Index
To quantify ergonomics, we leverage a widely used job
analysis method called SI. The SI is used to evaluate how
hazardous a job is based on factors, such as force exerted,
frequency of movement, and wrist posture [18]. The tasks that
we evaluated for this paper relied primarily on upper limb
movements, such as reaching, grasping, pushing, and pulling,
making the SI score a suitable basis for measuring human
physical stress.
Originally developed by Moore and Garg [18], SI has
been the subject of numerous investigations demonstrating its
validity in food processing and manufacturing [19]–[21]. More
recently, the SI was used in a multi-institutional prospective
study of upper-limb-work-related musculoskeletal disorders
conducted between 2001 and 2010 among U.S. production
and service workers from a variety of industries [22]–[24].
Although the SI variables are subjectively rated, it has been
demonstrated that interrater reliability is relatively concurrent [25] and repeatable [26].
Moore and Garg [18] propose the following thresholds to
predict job safety based on the SI.
1) SI ≤ 3: Safe.
2) 3 < SI < 7: Moderate risk.
3) SI ≥ 7: Hazardous.
C. Scheduler
We consider assigning work elements between a human and
a robotic worker as a multiagent coordination problem with
temporal and spatial constraints and formulate this problem
as an MILP [27]. Although this approach does not scale well
into large-scale problems due to its exponential computational
complexity, the minimal team composition, involving a single
human and a single robot, and the relatively smaller size of the
manufacturing operations considered in this paper allowed its
efficient use. We report on the performance of the algorithm
in Section VI-D4 and discuss how this approach must be
extended for larger problems in Section VII-E.
The goal of the MILP scheduler is to allocate work elements
to individual workers and determine the sequence of work
elements such that time, human physical stress, or both factors
are minimized. The input to the MILP scheduler consists of the
SI for each possible task breakdown along with the expected
time to complete each work element for both workers. The
scheduler enforces a set of constraints representing predecessor information between work elements, capabilities of the

Fig. 2. High-level summary of the process followed by our approach. Capture
video showing several iterations of a task. Break down tasks to work elements
using HTA through a manual analysis of the videos. Given the work elements,
model task parameters, and constraints from video. Estimate times for each
work element as completed by the robot. Compute SI for each possible workelement assignment. Send the data to the optimizer.

robotic worker, and basic work-element assignment rules. The
output of the MILP is a set of assigned work elements for the
human and the robot, the order and times that work elements
should be completed by, the resulting makespan, and the SI.
We note that, while the sequence of work elements for
a manual processes is optimized at design time and thus
fixed, the scheduler may output schedules that are substantially different from the input sequence depending on given
constraints and the complexity of the process. For example,
many work elements can be parallelized between human and
robot workers, which are not possible in a conventional station
involving a single human worker.
IV. I MPLEMENTATION
A high-level summary of our approach is shown in Fig. 2.
Central to our approach is two key components (highlighted
with “star” shapes in Fig. 2): a method to quantify ergonomics
and a task scheduling and allocation algorithm. In this section,

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
4

we describe in detail our approach to quantifying ergonomics
by to modeling task elements and calculating SI for a task, and
present our optimizer formulation that assigns work elements
to workers given task criteria.1
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TABLE I
SI PARAMETERS AND M ULTIPLIERS

A. Modeling of Work Elements
To turn manufacturing processes into work elements that
can be used in computational analysis, we utilized hierarchical
task analysis (HTA), a standard task-modeling approach that
has been developed and used for over a century [28]. Initially
adapted from time and motion studies, HTA has been widely
used to model predetermined time systems, such as manufacturing operations [29], and has been applied to assessing the
ergonomic impact of these processes on human workers in
order to inform job design [30]. Prior work into task allocation
for human–robot teams has also utilized HTAs to model and
represent manufacturing processes [31].
The HTA process iteratively breaks down plans into subplans until further breakdowns no longer provide meaningful units of analysis [32]. The resulting model includes a
hierarchical plan of goals, subgoals, tasks, operations, and
rules that can be expressed as hierarchical diagrams, numbered
lists, or tables. An example HTA model of one of the tasks
considered in this paper is shown in Fig. 4 included in
Section V. In our implementation, lowest level operations from
HTA models serve as work-element units used for SI analysis
and scheduling of work for human–robot teams.
B. Strain Index Calculation
SI is measured by rating six parameters on a scale of 1–5:
intensity of exertion (I E), duration of exertion (D E), efforts
per minute (E M), hand/wrist posture (H W P), speed of work
(SW ), and duration per day (D D). Each parameter’s rating is
matched to a corresponding multiplier value. Parameter rating
criteria and multipliers are presented in Table I [18]. Details
for determining each parameter rating are as follows.
1) Intensity of Exertion: All work elements are ranked
subjectively by their perceived IE using the scale provided
in Table I. The I E rating for the entire task is the maximum
value among the work-element-level I E ratings for all work
elements assigned to the human worker.
2) Duration of Exertion: D E is the percentage of time
throughout a cycle when exertion occurs. We sum the duration
for each work element assigned to the human worker that
consists of an exertion, divide it by the cycle time, and match
the resulting value to the ranges provided in Table I.
3) Efforts Per Minute: In addition to duration, we record
the number of efforts for each work element. For instance, if a
work element consisted of grasping three screws, the number
of efforts is one if they are grasped as a group but three if
they are grasped one at a time. Similar to D E, we take the
sum of efforts for all work elements assigned to the human
worker, divide it by the cycle time in minutes, and select the
corresponding rating from Table I.
1 The codebase for our implementation of the optimizer can be found online
at https://github.com/Wisc-HCI/human-robot-optimizer.

4) Hand/Wrist Posture: The rating for H W P uses the same
approach as I E: rank all work elements and then select the
maximum rating among all work elements assigned to the
human worker.
5) Speed of Work: For this paper, we map movement
frequency ranges to the rating criteria to objectively rate SW.
First, we compute the total number of movements for each
work element. For each work element assigned to the human
worker, we sum the number of movements and divide the total
value by the cycle time. The result is a movement frequency
that dictates the SW rating as follows.
• SW = 3 if movement frequency < 0.5.
• SW = 4 if 0.5 ≤ movement frequency < 1.
• SW = 5 if movement frequency ≥1.
Note that the multiplier SW  has the same value for
SW = 1, 2, or 3, and hence, there is no need to differentiate
values of SW less than 0.5.
6) Duration Per Day: D D is assessed at the task level.
Since it is not directly observable by video, we either request
this information separately or we use a default rating value
of 4, which represents a worker performing a given task
for 4–8 h.
Finally, the SI is determined by taking the product of the
multipliers across each parameter
SI = IE  · D E  · E M  · H W P  · SW  · D D  .

(1)

C. Scheduling Algorithm
The input to the MILP includes a number of sets and
parameters as outlined in the following.
1) Sets:
a) a set of tasks T to be scheduled;
b) a set of work elements e composing each task;
c) a set of workers (human or robotic) w who will be
assigned work elements;
d) a set of discrete timepoints p.
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2) Parameters:
a) The expected duration DT ,e,w values to complete
each work element e of a task T for a worker w
(robotic or human).
b) SI sT values for each possible work-element
assignment.
c) Work-Element-Predecessor Relationship Indicators: One work element may need to be completed
before another work element can begin. As an
example, a worker cannot use a drill to assemble a
part before the part has been brought to the work
area. Furthermore, some work elements may need
to be completed by the same person to ensure
the validity of the current task plan. For instance,
a worker may need to scan a label before placing
it inside of a box. Distributing these two work
elements between two different workers would
require an additional work element that is not
included in the original task plan, such as setting
the label down at an intermediate spot or performing a handover. Instead, we require the two
work elements to be assigned to the same worker,
using binary parameters P(T, e , e) ∈ {0, 1} and
SW (T, e , e) ∈ {0, 1} to indicate the applicability
of these conditions, respectively.
d) Capability Indicators Defined at the Work-Element
Level: For example, robotic workers cannot reasonably perform certain work elements due to
design or physical constraints, such as payload
limitations. In addition, the robotic worker may
be incapable of using certain tools or machinery.
Furthermore, the robot may not have appropriate end-effectors to perform work elements, such
as applying tape, tying knots, or placing packaging materials in tight spaces. Given the focus
of this paper on integrating collaborative robots
into existing manual processes that are currently
performed by human workers, we have considered human workers to be capable of performing
all work elements, although the design of new
processes that may include work elements that
human workers cannot perform must define capability indicators for both human and robot workers.
Capability information is provided to the optimizer
as a binary parameter B(T, e, w) ∈ {0, 1}, where
B(T, e, w) = 1 implies that w is able to perform
work element e in task T .
e) A weight parameter α that represents the importance of minimizing makespan over strain.
Based on the input values and a set of constraints,
the optimizer attempts to solve for the variables listed
as follows.
3) Variables:
a) a binary decision variable aT ,e,w, p ∈ {0, 1} indicating the assignment of work element e in task T
to worker w at timepoint p;
b) C T , a positive variable representing the completion
time of task T based on the values of aT ,e,w, p ;
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TABLE II
S CHEDULER S ETS , PARAMETERS , AND VARIABLES

c) an upper bound on cycle time MT ;
d) the resulting SI T ;
e) an upper bound on the SI ST .
All input and variables used by the optimizer are summarized in Table II.
Our implementation utilizes a third-party optimizer,
CPLEX, to solve the MILP [33]. We chose to use CPLEX
due to its high performance in solving linear and mixed-integer
programming problems and flexible use through an application
programming interface. The returned solution consists of a
time-indexed schedule that describes which worker performs
which work element and during what time interval. The
solution must adhere to all constraints while minimizing the
objective function within 1% optimality. The mathematical
formulation of the problem is as follows:
CT
T
+ (1 − α) ·
.
(2)
MT
ST
This problem is subject to the following constraints.
1) Each work element e in task T should be assigned
min f  α ·

1 ≤ w  p aT ,e,w, p ≤ max(DT ,e,w ∀w ),

∀T, e. (3)

2) Each work element e in task T should not take more
than its duration D based on the assigned worker w
 p aT ,e,w, p ≤ DT ,e,w , ∀{T, e, w|B(T, e, w)}. (4)
3) Each worker w can only be assigned one work element
e in task T at any given time p
e aT ,e,w, p ≤ 1, ∀T, w, p.

(5)

4) Each work element e in task T can be assigned to at
most one worker w in a given time p
w aT ,e,w, p ≤ 1, ∀T, e, p.

(6)

5) Once started, work elements should not be interrupted or paused
(aT ,e,w, p − aT ,e,w, p−1 ) · DT ,e,w
p+D

≤  p = pT ,e,w aT ,e,w, p , ∀T, e, w, p.

(7)
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6) Work elements cannot be shared between workers
aT ,e,w, p · DT ,e,w ≤  p aT ,e,w, p , ∀T, e, w, p.

(8)

7) If a worker w is assigned work element e with predecessor e at time p, then e must be completed before
time p
p

w

 p =0 aT ,e,w, p

≥ aT ,e ,w , p ,
DT ,e,w
∀{T, e, e , p, w, w |P(T, e , e)}. (9)

8) Work element e with predecessor e must be completed
by the same worker w if indicated by SW (T, e , e)
p

 p =0 aT ,e,w, p ≥ DT ,e,w · aT ,e ,w, p ,

∀{T, e, e , p, w|P(T, e , e), SW (T, e , e)}. (10)

9) The task T is completed when all its work elements e
have been completed
p · aT ,e,w, p ≤ C T ≤ MT , ∀ p, T, e, w.

(11)

10) Workers should only be assigned work elements that
they are capable of performing
aT ,e,w, p = 0, ∀{T, e, w, p|!B(T, e, w)}.

(12)

11) The SI T is equal to the precomputed SI value based
on the subset of work elements e assigned to the human
worker
T = sT ∗ | aT ,e,w, p == aT ∗,e,w, p , ∀e, w.

(13)

12) The upper bound on time MT is greedily approximated
by summing the longest duration for each work element
e among all workers w
MT = e max(DT ,e,w , ∀w).

(14)

13) The upper bound on the SI ST is equal to the precomputed SI value for the scenario when all work elements
e are assigned to the human worker w
ST = sT ∗ | aT ,e,w, p == aT ∗,e,w, p , ∀e.

(15)

V. C ASE S TUDIES
In this section, we apply the approach, which we described
earlier to six real-world factory tasks, and explore the
results of varying the importance of makespan versus
ergonomics.
A. Tasks
The case studies consist of six real-world processes that
are currently manually performed by human workers, including three observed during a factory site visit at Steelcase,
Inc., a furniture manufacturer-based in Grand Rapids, MI,
USA [35], and three chosen from a video task database
developed by the U.S. National Institute for Occupational
Safety and Health (NIOSH) [36]. These tasks were chosen
from among larger set of candidate tasks for including work

Fig. 3. Worker performing the packaging task (T2) at a Steelcase, Inc., plant
in Grand Rapids, MI, USA.

elements that can be performed by currently available collaborative robot platforms.
The three tasks currently performed at Steelcase included
a quality-control task (T1), a packaging task (T2), and an
assembly task (T3). Each task involved a single human worker
performing all work elements. In T1, a worker gathers parts as
indicated by an order, uses specialized equipment to validate
that the correct selection and quantity of parts have been
retrieved, and places them in a package. Task T2 involves a
worker packaging supplies in a bag and securing the items
inside of a box. Finally, T3 is an assembly task where a
worker connects a smaller part to a larger piece that is being
built. Specific details on tasks are excluded from this paper to
protect confidentiality of the processes. Fig. 3 shows a worker
performing T2 at the Steelcase facility.
In addition, we examined three tasks recorded on video and
included in the NIOSH task database: a stocking task (T4),
a parts-assembly task (T5), and a metal-cutting task (T6). The
stocking task (T4) video shows a worker unpacking items from
a crate and placing them on shelfs, occasionally stepping away
to organize empty crates. In T5, a worker fits a rubber piece
around a large part and stacks it to the side of the workspace.
The metal-cutting task (T6) requires positioning a metal sheet
on a cutting machine, running the machine, setting aside the
cut piece, and discarding the scrap parts.
B. Data Collection
We observed and documented tasks T1–T3 at a site visit to
a Steelcase facility carried out March 2015. Multiple cycles
of each task were observed and captured on video during
the site visit that also included interviews with workers.
Existing video was used for tasks T4–T6 from the NIOSH
task database. Unlike the tasks we observed at the Steelcase
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Fig. 4. HTA model of T4 presented in numbered-list and hierarchical-diagram formats based on standard conventions of HTA modeling [29], [34]. In the
task, a worker restocks the pantry of a commercial kitchen one crate at a time. The full HTA model, in addition to the goals, tasks, and operations shown
earlier, includes task parameters, such as the number of repetitions, duration, and cycle time.

facility, the NIOSH database did not include additional data
on the tasks beyond what we could observe from video.
Task videos were analyzed to define the task at the
work-element level using the approach described in
Section IV-A. Using HTA, plans were expanded to lower
levels on a hierarchy until plan steps cannot be further
subdivided in a meaningful way. For this analysis, each task
was broken down into work elements such that each work
element could not be assigned to more than one worker.
Fig. 4 shows the resulting HTA model for T4 in list and
diagrammatic formats.
Within each task, the work elements that a robotic worker
could feasibly perform were highly dependent on the capabilities of the robot. In this paper, we considered the capabilities
of the Baxter robot developed and manufactured by Rethink
Robotics [3]. We chose to evaluate Baxter as a robotic partner
due to its widespread use as a collaborative robot. We classified each work element of the tasks according to whether or not
it could be reasonably completed by Baxter based on hardware
limitations [37], known use cases, and available standard endeffectors.
Manually annotated video data were the source of many
inputs required by the scheduler. Variations of the task from
one repetition to the next in addition to logical orderings were
used to determine work-element predecessor information. For
instance, if two work elements were performed in alternating orders within multiple cycles, it is inferred that neither
work element is dependent on the other to be completed.
In some cases, predecessors were evident based on how a
task was broken down into work elements. As an example,
a worker on a packaging task should not close a package
box shut until all necessary parts have been placed inside
the box.

Work elements were timed for each recorded cycle. The
recorded times were averaged to obtain the expected duration
of each work element for a human worker. The tasks that
we observed were performed by a single human worker at the
time of our site visit, and thus, directly measuring the expected
duration of each work element as performed by Baxter was not
possible. Instead, durations for Baxter were estimated using
MoveIt!, a motion planner for robots [38]. A 3-D mockup of
each work cell was created to scale based on measurements
taken on site or estimated from video. Next, a model of Baxter
was added to the work cell. The location of the robot needed
to be out of the way of the human worker. This ensured that
the human worker could still perform a task in the same way
regardless of the presence of the robot, and therefore, the durations measured for human workers remained valid. For T1–T6,
it is assumed that a duplicate set of all relevant parts and
supplies could be placed within reach of the robot. Within each
mockup, points of interaction corresponding to work elements
were marked as waypoints. Finally, an RRT-Connect [39]
planner within MoveIt! (RRTConnectkConfigDefault)
was used to estimate the duration of each motion for
Baxter.
Finally, the SI was computed for each work-element assignment combination in T1–T6. Objective time- and movementbased measures, such as D E, E M, and SW , were calculated
directly from the video data. Subjective measures, such as
I E and H W P, were estimated from video data and reviewed
with experienced job analysts. For T1–T3, we knew the D D
directly from Steelcase. Because these data were not available
for T4–T6, we assumed that the DD was between 4–8 h/day.
This range results in a multiplier value of 1, and thus, it does
not have an effect on the resulting SI but limits our ability to
make comparisons across jobs.
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TABLE III
BASELINE VALUES FOR M AKESPAN AND T OTAL S TRAIN , P ERCENT C HANGE IN T HESE VALUES , AND
P ERCENTAGE OF T OTAL I DLE T IME FOR H UMAN AND ROBOT W ORKERS

C. Baseline Data
We use the measured work-element times from video data
as the baseline makespan for each task prior to introducing
Baxter. Similarly, we calculate the SI based on all work
elements being assigned to the human worker, as currently
performed in these processes, to establish a baseline for the
SI. These two starting points enable us to compare the benefit
of introducing a robotic worker from both time and ergonomics
perspectives.
VI. R ESULTS
For each task, we varied α, the weight of time versus
ergonomics, to range from 0 to 1 in increments of 0.1.
We obtain a Pareto bounded-optimal set of schedules for
each task based on the relative importance of the two factors.
Table III presents time, total strain, and idle time information.
A. Makespan Versus Total Strain
Makespan and total strain roughly vary inversely in the
Pareto results; as makespan increases, total strain decreases.

At the limits of α, the gains for one factor may or may not
justify the losses in the other. In general, values at α = 0
and α = 1 tend to be skewed in one direction over the other,
and values of α in the middle tend to show subtler tradeoffs.
Solutions that offer significant improvement in makespan
and/or total strain are highlighted with circles in Fig. 5. The
flexibility in this approach is that many scheduling options
are presented for process engineers to choose from. It is
unrealistic to expect time and ergonomics to be the only
factors considered when designing a process, and it is also
impractical to attempt to consider all possible factors. Having
a set of schedules enables process engineers to select an ideal
match or a subset of schedules that suit their goals for the
processes in consideration.
B. Changes From Baseline Data
The makespan of a task may increase or decrease after
introducing Baxter depending on α, but the total strain cannot
increase. We consider the strain of a work element on the
human worker to be 0 if it is completed by a robot, and
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Fig. 5. Makespan and SI results for each task, illustrating the tradeoffs between the two factors. As work elements are assigned to the robot, strain on the
human worker reduces, although makespan can increase due to the slower pace in which collaborative robots perform tasks compared with human workers.
Baseline values for each task represent makespan and strain measurements taken, as a single human worker performs the task. The circled solutions in
T1–T4 involve significant gains in makespan and/or strain. Gains in T5–T6 are not considered significant.

thus, any work elements assigned to Baxter will decrease the
total strain. Therefore, we see noticeable improvements in total
strain, as α approaches 0. For the tasks we evaluated, decreases
in makespan compared with the baseline are less extreme
due to Baxter’s physical limitations. A collaborative robot
inherently compromises speed and force capabilities in favor
of the safety of nearby workers. Although Baxter may take
longer duration to perform work elements, having a second
worker functioning in parallel with a human worker can still
speed up the task as a whole. In cases where Baxter was
incapable of completing certain work elements or numerous
same-worker predecessor restrictions applied, there may not
have been as many opportunities for the process to benefit
from a robot collaborator. This case can be seen in Task T2,
which saw no improvements in makespan and only modest
improvements in total strain. Fig. 5 shows the changes in
total strain and makespan over the initial baseline for all tasks
analyzed in the case study.

TABLE IV
SI R ISK C LASSIFICATIONS

cost of time. However, for α within 0.5–0.7, we are able to
bring the risk down to a moderate level while seeing modest
improvements in time.

C. Job-Risk Categorization
In Table IV, we note the job risk based on the SI for each
task. For tasks T2, T5, and T6, although we saw reductions
in the SI numbers, the overall risk did not change. The other
tasks saw more success; T3 was brought down from moderate
risk (3 < SI < 7) to low risk (SI ≤ 3) regardless of the
α value. Thus, greater time improvements can be achieved
without a strong compromise to physical stress. Task T4 could
be brought from high (SI ≥ 7) to moderate risk but only within
certain values of α that all result in an increased makespan
compared with the baseline value. Finally, T1 presents the
most variety in job-risk categorization results. The task could
be brought down from high risk to low risk, again at the

D. Schedules and Assignments
1) Task Allocations: Fig. 6 shows the effective task allocations for each value of α considered in our analysis for
T1. The schedules illustrate several important points about the
optimization output. First, looking at the work elements that
are always assigned to the human worker tells us, which tasks
are not worth assigning to the robot. These work elements
may not be possible for the robot to perform, or they might
simply take the robot too much time without enough gain
in SI. Next, we can see how the task structure affects the
variety of scheduling options that the optimizer has to choose
from. Furthermore, some tasks may find different scheduling
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Fig. 6. Work-element allocations for human (H) and robot (R) workers for
T1 under different values of α.

options to offer little or no change in makespan or SI. For
instance, task T1 has the same makespan and SI results for
α = 0.5 or 0.6, but the task allocations are not identical.
Comparing the task allocations may give process engineers
insight into which option is preferable based on their own
criteria and preferences.
2) Working and Idle Time: An additional metric, idle time
of each worker, is explored for each schedule, as it is a
common consideration in human–robot teaming [40], [41].
Fig. 7 shows idle time calculations at every α level for human
and robot worker for each task. While it is undesirable for
either worker to be idle for a large percentage of the task
duration, a certain range of idle times may be acceptable.
It may even be preferable to include a minimum amount of
idle time to provide the human worker with an opportunity to
recover from fatigue. The idle time metric is another example
of data that is helpful to present to a process engineer to
help them distinguish between acceptable and unacceptable
schedules.
Idle time may indicate that there is opportunity for either the
human or the robotic worker to multitask or absorb additional
responsibilities outside of the current process, particularly for
the robot. If additional work is assigned to the human worker,
process engineers must ensure that SI gains resulting from
the collaborative robot partner are not canceled out. However,
if the robot is able to do more work during its downtime for a
process, the robot could be more productive overall and could
yield a higher return on investment.
3) Impact on Production: By reducing SI and makespan,
it may be possible to increase the number of cycles of a job that
can be accomplished in an 8-h period. For instance, consider
task T3 where α = 0.8. Assuming an 8-h production shift with
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a baseline makespan of 55 s, the task can be performed 523
times a day without any unexpected stops. By reducing the
makespan by 34.55% down to 36 s, production can increase
up to 800 times a day over the same 8-h period. However,
realizing such benefits will require the application of the
proposed approach at the level of a production line and the
consideration of several sources of uncertainty, such as errors
in coordination between human and robot workers, in the
estimation of makespan.
4) Algorithm Performance: For each task that we evaluated,
the optimization algorithm must find an assignment for all
workers, all work elements, and for all 1-s time intervals
at each desired value of alpha. Therefore, the problem that
the optimizer solves scales linearly with the upper bound on
makespan, the number of workers, and the number of work
elements. In practice, the number of time intervals that the
algorithm must solve for is the biggest factor that increases the
size of the problem. Although this limits the scalability of the
algorithm to shorter tasks, it was acceptable for our purposes,
because we were interested in short, repetitive tasks.
Each of the case study tasks had 20 or fewer work elements,
and the tasks were modified to plan for two workers (one
human and one robot). The baseline times for the tasks ranged
from 25 up to 422 s. Thus, in the worst case, the optimizer
was solving for under 20 000 variables in the case studies
presented. Solving within 1% of optimality using CPLEX,
the time to solve the optimization problem ranged from as
low as 0.32 s to as high as 37.88 s (task 1–6 took an
average of 22.77, 1.46, 12.20, 4.44, 1.47, and 0.49 s for each
alpha value, respectively). The high variability of the run time
depends on the computational complexity of the problem and
the ability of the optimizer to quickly eliminate infeasible solutions, such as work elements, that would drastically increase
the makespan if they were assigned to the robot.
VII. D ISCUSSION
In this section, we explore the key takeaways from the
case study results and discuss the overall promise of our
approach. We identify that this approach will benefit some
tasks but not others and describe the characteristics for both
scenarios. We examine the observed behavior of the SI.
Finally, we recognize the limitations of this method and
highlight the opportunities for future research.
A. Tasks That Benefit From Our Approach
As demonstrated in the case studies, some tasks saw more
improvements in time, SI, or both compared with other
processes. Tasks that enabled for parallel work, had sufficient
opportunities for the robot to participate, were repetitive, and
included poor HWP benefited more from our method.
Consider a task scenario where a large percentage of the
work elements cannot be done in parallel. If all work elements must be done sequentially, the task will not see strong
benefits from collaboration of any sort. There will be minimal
improvements on time, though improvements to the SI are
still possible. If more work can be done in parallel, then both
workers can be active for a larger percentage of the time,
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Fig. 7. Idle times for the human (gray) and robot (red) workers for each task. Idle time allows the human worker to recover from fatigue. Based on the
physical demands of the task, an acceptable idle time for the human worker may vary. Similarly, idle time of the robot may provide it with opportunities to
multitask.

which can decrease total makespan. It is also beneficial for
the optimizer when the robot is capable of performing a more
diverse set of work elements. For example, if the collaborative
robot is able to perform the majority of the work elements
composing the task, the optimizer will have more options
when evaluating schedules and may find solutions that are
more optimal.
Tasks involving poor HWP can benefit from our
approach. Of the six parameters that make up the SI, HWP is
generally a good indicator that the offending work element(s)
should be assigned to the robot whenever possible. Jobs
that mandate frequent pinching or overextended wrists cause
the rating of HWP to increase. By contrast, collaborative
robots, such as Baxter, can have a wider range of motion for
the hands compared with a human worker and can perform
pinching motions repetitively and consistently. Reallocating
work elements attributed to poor HWP to the robot removes
the higher rating from the SI calculation. Finally, tasks with a
high degree of repetition may benefit from the integration of
robots, as robots are designed to perform repetitive motions
for long periods of time. The E M parameter can be reduced
for the overall task by allocating repetitive work elements
away from the human worker and assigning them to the
robot.
B. Tasks That Do Not Benefit From Our Approach
We have also identified scenarios that yield poor results
from our approach. Specifically, we do not see strong improvements for time and SI in tasks that feature high force exertions,
occur in settings that are unsafe for the robot to operate, or
require precise dexterity or complex tools.
Depending on the collaborative robot model, lifting capabilities of the robot are limited. For instance, Baxter’s maximum
payload (including the end-effector) is 5 lb (2.2 kg). Other

robots can support larger weights, such as Universal Robots
UR10 industrial robot arm with a 22-lb (10 kg) payload
limit [42]. As collaborative robots by design cannot apply as
much force as a traditional industrial robot, tasks with high
SI due to hard exertions will not see significant benefits based
on IE alone. Next, it is important to consider the environment
where the task is performed. Collaborative robots have safe
operating temperature ranges and are not waterproof. A dishwashing task, for example, may not offer many opportunities
for the robot to contribute due to its safety requirements.
Such scenarios may also not include many work elements
that the robot is able to perform. Finally, tasks that require
fine motions, specialized tools, or rely strongly on the sense
of touch are unlikely to benefit from this approach given the
capabilities of currently available robot platforms and the need
to equip them with specialized end-effectors. Again, these
tasks will limit the number of work elements that the robot can
perform, therefore limiting the variety of feasible scheduling
solutions and restricting results.
C. Flat Strain Index Versus Makespan
For several case study tasks, we see that the SI versus
makespan curve remains flat even as α increases. This result
can occur when the SI value is largely controlled by a
small number of factors or when SI is heavily influenced by
one or two work elements. For example, consider a task that
has uniformly low SI parameter ratings for each parameter
except for IE. The IE rating is determined by finding the
maximum exertion throughout the entire job. Thus, even if
the robot takes over all of the work elements aside from the
exertion, the SI will not be significantly affected. Likewise,
if every work element is ergonomically low risk aside from a
single work element, the SI will remain stagnant.
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E. Limitations

needs validation through a systematic analysis of actual strain
placed on workers and of injury reduction over time. A final
limitation is that reducing makespan in a single station is not
sufficient to improve the productivity of multistage production.
Future extension of the proposed approach to task allocation
and scheduling at a work-cell level is necessary to realize these
benefits of the proposed approach beyond small-scale, singlestation production.
VIII. C ONCLUSION
In this paper, we propose and demonstrate an approach to
consider time and ergonomics simultaneously for integrating
a collaborative robot to a manufacturing process. We present
a variation of the SI as a measure of human physical stress of
each work element in a task and use its values in conjunction
with task times to generate a task schedule. We discuss tradeoffs in assigning different priorities to time and ergonomics,
including completion time, total strain, and worker idle time.
The resulting set of schedules enable process engineers to
balance these factors in a way that is the best suited to the
task at hand.
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