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Abstract

High-level robot capabilities, including manipulation, navigation, decision-making,
and human-robot collaboration, are all advancing to meet the demands of next-
generation advanced manufacturing environments. To assist and encourage these
advances, many efforts have sought to measure robotic capabilities with perfor-
mance evaluation schemes, standard test methods, and benchmarks. By providing
these common measures of performance across a myriad of underlying skills (e.g.,
grasping, assembly, and obstacle avoidance), industrial robot systems — or the con-
stituent components, such as cameras and grippers — can be characterized, allowing
for comparison and assessing progress. Industrial robots operate in a broad range
of application domains, each with different needs and constraints. This chapter
details efforts throughout the industrial robotics research space that can be used
to characterize robot capabilities. These methods include the process of deriving
key performance parameters, conducting evaluations with resources available to
the community, contextualizing the results of an evaluation, and correlating perfor-
mance to technology readiness levels. We also review the gaps in each of these areas
where more research and effort is needed to enable more effective and comprehensive
evaluation of industrial robots.

1.1 Introduction

Industrial robots are designed to operate in many different environments and per-
form tasks with varying requirements. These parameters influence the manner in
which industrial robots are able to operate in a given domain. To understand the
relationship between these parameters and the robot’s capabilities, the robot and
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the domain in which it operates must be properly characterized. Characterization
of an industrial robot is achieved by evaluating its performance and capturing the
conditions (i.e., context) under which that performance was achieved. Characteriz-
ing an industrial robot domain or use case is accomplished by recording the factors
particular to it that may influence required robot capabilities. Proper characteriza-
tion can foster better understanding of industrial robot capabilities and how they
can be transferred between domains to promote reconfigurability and reusability.

There are many resources available that can be used to conduct performance
evaluations of industrial robots. These resources include testing protocols, data sets,
and benchmarks, which are available through published standards, competitions,
and online repositories. Benchmarks typically refer to use of structured evaluation
to determine whether a technology or system can achieve the required performance
in a specific domain, functionality, or task. Many of these resources have associated
performance metrics, which are either connected with more generic properties of
an industrial robot (e.g., lift capacity) or those more specific to a scenario (e.g.,
time taken to navigate through a confined space while avoiding obstacles). In both
instances, the context under which the evaluation takes place is needed such that
the performance metrics are meaningful and properly interpreted. Context is also
needed to ensure replicability and comparisons of results.

Throughout this chapter, many of the aspects of industrial robot evaluation
are discussed and resources that can be used to conduct evaluations are provided.
This is presented as a process, starting with the methods by which to determine
what aspects of performance are important (i.e., key performance indicators and
parameters). The evaluation resources that are currently available and elements
of contextualization are discussed, with examples given from robotic systems in
industrial domains as well as other applications. A few non-industrial cases are
included as evidence of successful approaches that could be leveraged for indus-
trial robots. Considerations for industrial robot evaluation are reviewed, such as
variability (for real world applicability), statistical significance (for reliable perfor-
mance), replicability (for validation and comparison of results), and generalizability
(for transferability of evaluation results to other domains). Technology readiness
levels — or the evaluation of industrial robot maturity — are also discussed, par-
ticulary with respect to the connections to performance evaluation. Gaps in the
research and available evaluation resources are explored throughout the chapter.

1.2 Related Work

The landscape of available resources for evaluating the performance of industrial
robots spans formal and informal methods. On the formal side, there are consensus
standards that specify methods by which to measure a robot’s capabilities. Informal
methods of measuring and comparing performance include emerging benchmarks,
metrics, and test methods aimed at the research community.

Currently available standards include foundational ones for industrial robot per-
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formance, such as [ISO| (2000)]. Perhaps the most commonly referenced standards
for industrial robots, including mobile robots or automatic guided vehicles (AGVs),
are those pertaining to safety [ISO| (2015)); ANSI/ITSDF]| (2012))]. There are a few
other performance-oriented standards that exist or are under development which
are relevant to industrial robots. These standards include industrial vehicle per-
formance [ASTM]| (2018c)], machine vision systems [European Machine Vision As-
sociation| (2018)], 3D sensors [ASTM] (2018b)], and exoskeleton technology [ASTM
(2018d))].

Several benchmarking efforts targeting different levels of capabilities exist or are
under development. For example, benchmarks to advance performance of indus-
trial robots, such as in achieving a higher-level goal (e.g., assembly of a drive axel),
are being developed in the European Union through the Robot Competitions Kick
Innovation (RoCKin) effort [RoCKin| (2018b)]. The overall assembly goal is decom-
posed into sub-benchmarks for tasks, such as drilling, and functionalities, such as
object perception. On a different front, a benchmarking scheme for bipedal loco-
motion for humanoid robots and exoskeletons has been developed |Torricelli et al.
(2015)] to organize the existing published benchmarks in the research community.
The scheme decomposes the various characteristics of bipedal locomotion in order
to assist researchers in finding relevant resources.

Performance standards are also being developed for robot systems in non-
industrial domains. These include robots for use in emergency response and law
enforcement applications, such as urban search and rescue, bomb disposal, fire fight-
ing, and nuclear plant incidents. ASTM Subcommittee E54.09 on Response Robots
has produced almost two dozen standards, with an additional fifty under devel-
opment [ASTM] (2018e¢); Jacoff et al.| (2010)]. Given the range of conditions and
missions covered by the umbrella of response applications, this effort provides a
good framework to consider applying to robots in the manufacturing domain. The
process used for the response robots standards began with a focus on urban search
and rescue operations. The rather complex performance space was decomposed
into a set of capability categories to be evaluated, while at the same time, a set of
deployment or mission scenarios for the robots was defined [Messina et al.| (2005)].
The key point is that, ideally, the same test method could be used to capture per-
formance data for a wide range of robots, e.g., from small, throwable robots that
have limited mobility to larger robots for wide area situational awareness. The ac-
ceptable performance range for the speed of traversal of a small robot in a confined
space is very different than that for a wide area robot which must cover a large area
quickly in order to help responders assess a potentially hazardous situation, such
as from a train derailment. The same test methods can be used to measure both
robots’ performance, but their results are interpreted differently. Beyond character-
ization of robot capabilities to guide procurements, it has been shown that the test
methods, which are also used in the RoboCup Rescue International competitions
(e.g., |Akin et al| (2012))]), help advance the capabilities of response robots. As
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noted in [NIST]| (2018¢c|)] and [Sheh et al| (2014)], the developer of the robot that
made the greatest progress in responding to the Fukushima nuclear plant disaster
credits the E54.09 test methods for providing concrete performance targets to guide
the engineering of their robot towards achieving better performance in challenging
environments.

Beyond robotics, benchmarks have been useful for many research communi-
ties, serving to provide common means of evaluating and comparing performance.
In the case of computational performance, the maturity of benchmarks has pro-
gressed to the point that there are industry standards. For example, the System
Performance Evaluation Cooperative, now named the Standard Performance Eval-
uation Corporation (SPEC), develops benchmarks for computing [Standard Per-
formance Evaluation Corporation| (2018)]. This organization began by evaluating
desktop computers and workstations, but has expanded to include cloud-based,
high-performance, graphics, and many other computing technologies. Most bench-
marks are less formal than standards, yet still provide a valuable service to their
stakeholders. Examples include the Text REtrieval Conference (TREC) [TREC
(2018)], benchmark tracks [Voorhees et al.| (2005)], and the additive manufacturing
benchmarks [NIST| (2018a)].

1.3 Key Performance Indicators (KPIs) and Parameters (KPPs)

Before embarking on a process for evaluating a system or a component of a system,
one must first understand what performance aspects are most important. It is
instructive to consider the approach to performance measures that many potential
adopters of new robotic system technologies use during their operations, known
as key performance indicators (KPIs). These concepts drive business decisions,
including acquisitions and implementation of new equipment. KPIs are quantifiable
and strategic levels of achieving a critical objective that are derived from aggregated
physical measurements, data, or other KPIs [ISO| (2014b)].

KPIs may represent business, productivity, or efficiency performance and are of-
ten compared to benchmarks for similar plants, equipment, or processes. Examples
of types of KPIs include asset utilization, equipment availability, avoided cost, and
customer satisfaction. The appropriate selection and deeper understanding of the
KPIs can help achieve desired business results. With the advent of smart manufac-
turing and the Internet of Things (IoT), sensing and measurements are proliferating
throughout manufacturing enterprises. These measurements offer the possibilities
of the derivation of new KPIs that utilize this additional data |[Brundage et al.
(2017)].

When considering the definition of industrial robot performance metrics, one
can start by examining existing broadly-scoped KPIs to determine what perfor-
mance metrics contribute to those KPIs. An example would be to start with a
KPI of product quality. One can analyze the type of product(s) that a robot would
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be involved in helping to manufacture. Depending on the process that the robot
would perform, performance thresholds would be established in order to attain the
desired quality. These performance thresholds are then key performance parame-
ters (KPPs), in that measured performance should fall within the parameters to be
considered successful or acceptable. If the robot is performing a surface finishing
operation to leverage its dexterity and compliance, enabling it to maintain uniform
pressure on the surface, the number and types of defects would be measures of the
resulting quality contribution of the robot. Therefore, one would quantify maximum
deviations from ideal surface finish (e.g., root mean square of the roughness) and
compare it to a benchmark surface finish value to decide if implementing a robot
is advantageous. Of course, implementation decisions should also factor in other
KPIs, such as throughput, scrap costs, and employee ergonomic issues.

There are some documented examples of the processes used to derive perfor-
mance requirements — and hence performance metrics — from the equivalent of key
performance indicators. Among these are the domain and task-driven derivations
(e.g., [Messina et al.|(2007)]), which focus on intelligent autonomous vehicles, start-
ing with a cognitive perspective to guide the application and domain examination.
The derivation of robot performance requirements from urban search and rescue
task force members is detailed in [Messina et al|(2005)]. In [Shneier et al|(2015b)],
a manufacturing-relevant examination focuses on assembly in order to derive the
metrics to guide development of test methods for evaluating robot systems or sub-
components. The term KPI is not used in these prior examples, but there are
underlying similarities. All of these examples begin with consideration of what
attributes are valued by the end user in the deployment of the robotic system,
whether safety, effectiveness in carrying out missions, or applicability to a wider
range of tasks. The common approach to deriving performance requirements and
the corresponding metrics and test methods is shown in Figure

In the case of performance requirements for urban search and rescue (US&R)
robots, the process was initiated with a series of workshops with US&R experts
who were members of the Federal Emergency Management Agency (FEMA) US&R
Task Force network. FEMA Task Forces are deployed in response to large-scale
disasters. During the workshops, the responders enumerated over a dozen deploy-
ment situations where robots could be useful, e.g., robots that could be thrown into
confined spaces for initial inspection or those that could carry chemical sensors for
remote detection of hazards. In the deployment scenarios, responders detailed the
different stages or roles within response and the tasks entailed, such as the principal
tasks for the reconnaissance role: initial detection, structural assessment, mapping
(3D), hazardous materials identification, mitigation, and forensics. Analysis of these
tasks produced a set of requirements (i.e., KPPs) categories, such as real-time re-
mote visual observation, adjustable wide angle zoom, and adjustable illumination
for cameras on the robot [Messina et al.| (2005)]. These initial requirements and
metrics formed the foundation for development of the ASTM E54.09 standard test
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Fig. 1.1 Generalized method for deriving performance requirements and the performance evalu-
ation framework (from [Messina et al.| (2007))]. Principles of cognition form the foundation since
the robotic system is expected to emulate aspects of human cognitive behavior, including sensing,
modeling, planning, acting, and reacting.

methods.

In the industrial domain, a similar process for deriving performance require-
ments has occurred, although not in the same open format. The stakeholders for
industrial operations are centered around business, potentially dealing with sensitive
information and processes (i.e., intellectual property concerns), so it is understand-
able that explicit KPIs and KPPs for a particular industrial process may not be
made public. However, the high-level desirable aspects of industrial operations are
fairly universal: high quality, high throughput, low cost, and, increasingly popu-
lar, high flexibility. Each of these aspects leads to KPIs such as high accuracy
and repeatability, each of which can be more specifically defined for a particular
manufacturing process. There are also increasing desires for human-robot collabo-
ration operations, which will inform another set of KPIs and KPPs. The resources
available for evaluation that are discussed throughout this chapter can be used to
measure performance for particular KPIs and KPPs, but development is needed to
address performance evaluation of more complex and specific operations.
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1.4 Technology Readiness Levels

In considering methodologies to assess the performance of a robotic system or com-
ponent, it is useful to examine the concept of technology readiness levels (TRLs)
and how to assess the maturity of a given technology. TRLs were developed for eval-
uating the readiness of technologies for deployment in space applications [Mankins
(1995)] and have been adopted and adapted by a wide range of other programs.

Technology readiness levels range from 1, wherein basic principles are observed
and reported, to 9, where an actual system is proven through successful mission
operations within actual operating conditions. Attaining readiness at lower levels
begins through publications and limited laboratory experiments. Many organiza-
tions consider TRL 6 to be a crucial milestone, at which point a system or sub-
system model or prototype is successfully demonstrated in a relevant environment.
The significance of attaining TRL 6 is due to the “relevant environment” qualifier.
In other words, the system performs under conditions where its mission and en-
vironment approximate the required context of the target deployment. A salient
example of TRL evaluation of robotic systems is the in-depth TRL 6 assessment of
a military scout vehicle’s autonomous navigation system (ANS) [Bodt and Camden
(2004)]. The experimental design sought to test the ANS in a range of “relevant
environments” studying five factors: terrain difficulty, speed, line-of-sight, mission,
and operator team/vehicle. These criteria led to 646 missions that were conducted
covering approximately 560 km at three different test sites. The vehicle was able to
operate autonomously (without human assistance) in 96% of the distance covered.
The relevant environments were selected in consultation with subject matter experts
(military officers). For each of the three relevant environments (arid, vegetated, and
urban), missions were run on courses through terrains deemed to have two different
levels of difficulty. The in-depth experimentation provided the U. S. Department of
Defense with statistically significant performance data that is contextual: if the ve-
hicle failed to operate autonomously in a given region, the terrain, line-of-sight, and
other factors that impeded it were known, allowing for decision-making in real-world
deployments to reduce risk of failures.

The U. S. Department of Defense, which relies heavily on TRLs to make pro-
curement decisions, has also developed a manufacturing readiness level (MRL) as-
sessment to determine the risks associated with adopting a particular technology,
product, or process [Department of Defense| (2018)]. Manufacturing USA is public-
private partnership to advance innovation and competitiveness through a set of in-
stitutes to enable the transition of targeted technologies from MRL 4 and 5 through
6 or 7 [Manufacturing USA| (2018))]. Paralleling the TRL scale, MRL 4 and 5 are
demonstrated in laboratory environments, whereas MRL 6 and 7 are assessed in
production-relevant or production-representative environments. Of particular rele-
vance to this chapter is the Advanced Robotics for Manufacturing (ARM) Institute
[ARM Institute, (2018)], which seeks to accelerate the advancement of transforma-
tive robotic technologies from lower technology or manufacturing readiness levels
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through to TRL and MRL 6 or 7 with demonstrations in relevant or representative
environments respectively.

Despite gaining in popularity in some domains, technology readiness level assess-
ments are not commonly applied to industrial robotics. Even with the TRL/MRL
focus of the ARM Institute, there are no defined practices or approaches to guide
the readiness evaluation of industrial robotic technologies, but there have been ex-
plorations from a TRL perspective for robotic bin picking [Marvel et al.| (2012alb)].
Participants in a workshop session devoted to the topic concluded that there needs
to be a clearer definition of measures or quantification of bin picking context (i.e.,
how complex is the specific bin picking scenario) and of metrics for bin picking
performance (for the overall robotic system as well as for the contributing tech-
nologies such as perception, planning, grasping, and manipulation). A proposed
way forward was to classify the readiness levels of the main technologies underly-
ing bin picking solutions at a coarse grain. Four levels of readiness were defined
(“highly fragile prototypes” through “solved problem robust in many applications”)
and assessed with respect to perception, grasping, movement, and planning in the
context of the types of parts (“uniform rigid with limited configurations” through
“flexible with varying size and configurations”) and the bin environment (“struc-
tured arrays” through “fully random part placement”). This example highlights
the value of identifying clearly the context in which a system and its component
technologies are evaluated in order to determine readiness for implementation in a
given application and environment.

1.5 Performance Evaluation Resources

Working groups and standards committees have sought to develop common testing
protocols, test artifacts, and metrics for evaluating industrial robot performance.
Committees such as the ASTM F45 Committee on Driverless Automatic Guided
Industrial Vehicles [ASTM)| (2018c)] and ISO/TC 299 Robotics [ISO| (2018)] de-
velop standards, performance criteria, and test methods for mobility platforms and
manipulators. Competitions such as RoboCup have several leagues focused on de-
veloping robots for industrial environments [RoboCup| (2018d)], home |[RoboCup
(2018¢)], and logistics [RoboCup| (2018b)]. Through these organizations, common
evaluation methods, test apparatuses, and metrics are produced and made available
to the industrial robotics community. Published benchmarks [Bodin et al.| (2018]);
Ceriani et al|(2009)], shared data sets [Calli et al.| (2015)); Lomonaco and Maltoni
(2017)], and common metrics [Steinfeld et al.| (2006])] are also available.

Many of the performance evaluation resources currently available are presented
in Tables as a catalog, organized along three axes:

e System: Higher-level groupings for an industrial robot and/or its compo-
nents,
e Characteristic: Property or capability of the system type that can be
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measured, and
e Level: The extent of the evaluation performed, defined by the number of
components engaged and the characteristic(s) being evaluated.

The catalog is also available online and will continue to be updated
as new resources for evaluation become available: http://nerve.uml.edu/
EvaluationCatalog/.

1.5.1 System type

System type is divided into four main categories: mobility, manipulation, sensor,
and interaction. See Figure[I.2|for examples of evaluation resources in each category.

e Mobility systems are those that can locomote and traverse through spaces,
which could comprise an entire industrial robot whose primary function is
to navigate around a warehouse or just the mobility base of a larger system
such as a mobile manipulator robot.

e Manipulation systems have articulated limbs or other actuators with vary-
ing degrees of freedom that are intended to physically interact with objects,
such as robot arms and hands performing pick and place tasks in a factory
line. These two categories can be combined for evaluation resources that
involve both aspects, which is the case for many robotics competitions.

e Sensor systems measure and detect characteristics of the environment; this
includes both the sensor(s) and the computation to process the sensor input.

e Interaction systems refer to the manners in which human agents engage with
the robot, including control methods, programming/teaching, and human-
robot collaboration. Note that there is considerable work on robot-robot
interaction, but achieving collaboration among robots does not necessarily
rely on external interactions, but rather can be accomplished via other
commmunication protocols or higher-level planning and decision-making.

The categories are not mutually exclusive from one another, but instead are
meant to refer to the main aspect of the robot that is to be evaluated in the resource.
For example, the ASTM F3244 standard test method for navigation [ASTM]|(2017al)]
would be categorized under mobility as it evaluates the capability of a mobile robot
to traverse through a space. The robot being evaluated will use sensors to assist
in navigating through the space, but the test is ultimately evaluating the robot’s
mobility characteristics. Some resources are also very particular to the system
type to which they pertain, such as the ASTM E3064-16 standard test method for
optical tracking system performance |[ASTM] (2016))], which only pertains to sensor
systems and not how they are used in coordination with other systems on the robot
to perform a task.
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Fig. 1.2 Examples of evaluation resources for each system type in the catalog: Mobility [ASTM
(2017a)], Manipulation |Calli et al| (2015))], Sensors [ASTM| (2016)], and Interaction |Hart and
Staveland| (1988])].

1.5.2 Characteristics

The characteristics noted throughout the catalog are those associated with or used
towards accomplishing tasks in an industrial setting. Rather than define all of
the possible characteristics noted in the catalog, we use generic terms or those
generally accepted throughout the robotics community. Examples of characteristics
include properties of robot components such as the strength of a robot finger and
battery life of a mobile robot, or capabilities of a robot system such as detecting
and avoiding collisions with obstacles. Characteristics are listed in the catalog only
if an evaluation resource is available.

1.5.3 Level

The level at which an evaluation takes place refers to whether one or more compo-
nents (combined to form a robot system) are being evaluated and in what capacity.
We specify three different levels: elemental, functional, and operational; see Figure
for examples of evaluation resources at each level. The levels are hierarchical,
in that the evaluation of an elemental test can inform the evaluation of a functional
test and so on. An operational evaluation can also be decomposed into smaller
pieces to determine functional and elemental evaluations that could be performed
prior to the operational evaluation. Some resources in the catalog (see Tables 1.1
- 1.5) are not tagged with a level because the property is not applicable; this is
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largely the case for common data sets and models that are made available to the
research community because they are agnostic to the type of evaluation for which
they are utilized.

e Elemental level evaluations are used to determine a property of a compo-
nent of a robot system. The property of a component does not refer to
a specific task, but it may have implications for tasks that rely on that
property. An example of an elemental evaluation resource is the finger
strength test method developed by the National Institute of Standards and
Technology (NIST) [NIST| (2018d))]. This test method evaluates the max-
imum force that a finger on a robotic hand can exert on a test artifact.
The property of finger strength will have implications for grasping tasks
at both the functional and operational levels. Another example would be
the ASTM E2566 |[ASTM]| (2017b))] standard test method for visual acuity
which evaluates the smallest details able to be resolved in a camera image.

e Functional level evaluations are used to evaluate a capability of a set of
components or a robot system. The capability of a robot system refers to
competencies needed to perform tasks. An example of a functional evalua-
tion resource is the ASTM F3265 [ASTM| (2017¢)] standard test method for
obstacle measurement, wherein a mobile system detects an obstacle while
driving down an aisle. The reference task is to traverse down an aisle while
navigating through an industrial warehouse space; the capability needed is
obstacle detection to limit collisions while performing the task.

e Operational level evaluations use application-relevant tasks performed by a
robot system that are evaluated using task-based metrics, such as through-
put and mean time between failures. The ability for a robot system to per-
form tasks is dependent upon the properties of its components (determined
by elemental evaluations) and its capabilities (determined by functional
evaluations). An example of an operational-level test is the series of as-
sembly test methods being developed by NIST [NIST)| (2018d))]. These tests
evaluate abstracted pick-and-place and peg-in-hole performance, as well as
more real-world assembly operations. A series of assembly task boards are
being designed to provide concrete benchmarks on how well robots can
assemble and disassemble commercially-available connectors, pulleys, and
wire harnesses.

Resources in the catalog such as benchmarks and data sets can be used towards
evaluations at multiple levels and are tagged as such. An example is the Yale-
Carnegie Mellon-Berkeley (YCB) object and model set [Calli et al| (2015))]. The
YCB set specifies a set of common objects that can be used for evaluating many
aspects of grasping capabilities of a manipulator system. The objects could be used
at an elemental level to evaluate sensor detection and object identification. At a
functional level, the ability for a robotic arm and end effector to grasp the objects
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Fig. 1.3 Examples of evaluation resources at each evaluation level in the catalog. Left to right:
elemental (touch sensitivity), functional (peg-in-hole insertion, operational (insertion, meshing,

and threading assembly) [NIST| (2018d))].

can be evaluated (e.g., [Suzuki and Okal (2016)]). For an operational level test, the
objects could be used as part of a human-robot collaboration study for evaluating

pointing gestures for conveying task directions [Shukla et al. (2015))].

Table 1.1 Catalog of evaluation resources for system type: Mobility.

System type: Mobility
Characteristic Resource Reference | Level
Locomotion ISO 18646-1:2016, Robotics — Perfor- ﬂ@l Functional
mance criteria and related test meth- 1'
ods for service robots — Part 1: Loco-
motion for wheeled robots
Navigation ASTM F3244-17, Standard ASTM Functional
Test Method for Navigation: Defined ]
Area
Navigation ISO/DIS 18646-2, Robotics — Perfor- | [ISO| Functional
mance criteria and related test meth- (2017)]
ods for service robots — Part 2: Navi-
gation
Obstacle  detection | ASTM F3265-17, ASTM! Functional
and avoidance Standard Test Method for Grid-Video | (2017c)]
Obstacle Measurement
Obstacle  detection | ASTM WK60390, Standard Practice ASTM! Elemental,
and avoidance for Describing Stationary Obstacles | (2018a))] Functional,
Utilized within A-UGV Test Methods Opera-
tional
Navigation, obstacle | Intelligent Ground Vehicle Competi- IGVC| Functional
detection and avoid- | tion (IGVC) (2018))
ance
Safety, obstacle de- | ANSI/ITSDF B56.5 - 2012, Safety | [ANSI/ITSDF|Functional
tection and avoid- | Standard for Driverless, Automatic | (2012))]
ance Guided Industrial Vehicles and Auto-
mated Functions of Manned Industrial
Vehicles
Positioning, docking ASTM WK57000, Standard Test | [ASTM Functional,
Method for Docking Driverless Auto- (2018Db))] Opera-
matic Guided Industrial Vehicles tional
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Table 1.2 Catalog of evaluation resources for system type: Manipulation.

System type: Manipulation
Characteristic Resource Reference | Level
Positioning ISO 9283:1998, Manipulating indus- | [ISO Elemental
trial robots — Performance criteria and | (2000)]
related test methods
Grasping RHGM Metrics WG test methods, ar- | [NIST Elemental
tifact designs, and data (2018d)]
Grasping Proposed standard performance met- | [Falco et al.| | Elemental
rics for robotic hands (2018a))]
Grasping Yale-CMU-Berkeley (YCB) Object | [Calli et al| | Elemental,
and Model set (2015)] Functional,
Opera-
tional
Grasping, placing Universal picking comparison via | [Mahler Functional,
Mean Picks Per Hour et al.l | Opera-
(2018)] tional
Grasping, placing SHAP: Southhampton Hand Assess- | |Metcalf] Functional
ment Procedure (2018)]
Dexterity Lafayette Dexterity Tests |[Lafayette Functional
Instrument
Evaluation
(2018))]
Dexterity Benchmark Tasks for Robotic Manip- | [Quispe Elemental,
ulation et all | Functional
(2018)]
Assembly Metrics and Benchmarks to Advance | |[NIST Functional,
the State of Robotic Assembly (2018d))] Opera-
tional
Safety ISO/TS 15066:2016, | [ISO Functional
Robots and robotic devices — Collab- | (2016b))]
orative robots

1.5.4 State of Available Evaluation Resources

Automatic guided vehicles (AGVs) and mobile robots are common in the industrial
world, so it is not surprising that the majority of evaluation resources available for
mobility are mature enough to be supported by standards committees. Manipula-
tion is also common, so has some support from standards, but largely in regards to
characteristics of safety and repeatable positioning. Many common test protocols
exist for human hand dexterity and are applicable for robot evaluation, but are
basic in their application. More domain-driven and task-specific methods need to
be developed, so research groups such as the IEEE Robotic Hands, Grasping, and
Manipulation Technical Committee [[EEE| (2018a))] have been proliferating their
designs. While not a standard, a metric for mean picks per hour (MPPH) and basic
testing protocol for robot picking has been developed via an open online document
that researchers can contribute to [Mahler et al. (2018)]. This type of consensus-
driven development can be used in the potential formation of standard test methods
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Table 1.3 Catalog of evaluation resources for two system types: Mobility and Manipulation

System types: Mobility and Manipulation
Characteristic Resource Reference | Level
Logistics tasks European Robotics Challenge (Eu- | [EUROC Operational
RoC) (2018)]

Logistics tasks RoCKIn@Work Competition [RoCKin Operational
(2018b)]

Logistics tasks RoboCup@Work Competition [RoboCup Operational
(2018d)]

Logistics tasks RoboCupLogistics Competition |[RoboCup Operational
(2018Db))]

Logistics tasks Agile Robotics for Industrial Automa- | [NIST Operational

tion Competition (ARIAC) (2018Db))]

Home and service | RoCKIn@Home Competition [RoCKin Operational

tasks (2018a))]

Home and service | RoboCup@Home Competition |[RoboCup Operational

tasks (2018c)]

Assembly and manu- | European Robotics League (ERL) [euRobotics| | Operational

facturing tasks, home (2018)]

and service tasks

Assembly and manu- | World Robot Summit [World Functional,

facturing tasks, home Robot Opera-

and service tasks Summit, tional
(2018)]

around robotic manipulation, although none exist just yet. Sensor evaluation re-
sources are available as either benchmarks and data sets that can support other
robot tasks — such as benchmarking tools for simultaneous localization and map-
ping (SLAM) that can support navigation — or standard test methods for evaluating
3D sensor equipment.

However, the methods that exist for interaction are more generally accepted
measurement techniques and not supported by standards. There are efforts to
develop human-robot interaction (HRI) evaluation standards, such as the series
of Evaluation Methods Standardization for HRI (EMSHRI) workshops [EMSHRI
2017 (2017))], but typically only common metrics for evaluating HRI [Steinfeld et al.
(2006)] are used throughout the research community. The rise of human-robot
collaboration in industrial environments calls for more evaluation techniques to be
developed in this area.

Wearable robots, such as exoskeletons, are also becoming a more prevalent
area for development and integration into industrial environments, evidenced by
standards groups such as ASTM F48 Committee on Exoskeletons and Exosuits
[ASTM] (2018d)] and the IEEE/RAS Technical Committee on Wearable Robots
[IEEE] (2018Db)]. Evaluation resources particular to exoskeletons are in development
in these committees, in which industrial environments and tasks are considered.

A core element of a robotic system is its computing, meaning the processes that
form the robot’s autonomous behaviors and artificial intelligence that are used to
make decisions and plan its actions. The evaluation resources that currently exist
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Table 1.4 Catalog of evaluation resources for system type: Sensor.
System type: Sensor

Characteristic Resource Reference | Level

Acuity, resolution ASTM E2566-17a, Standard | |[ASTM Elemental
Test Method for Evaluating Response | (2017Db))]

Robot Sensing: Visual Acuity

Simultaneous local- | Benchmarking and evaluation tools for | |[Bodin Elemental,

ization and mapping | SLAM et al.l | Functional,

(SLAM) (2018)], Opera-

[Handa tional
et al.

(2014)],

[Ce-

riani_et_al.

(2009)]

Mapping IEEE 1872-2015 Standard for Robot | [[EEE Elemental,
Map Data Representation for Naviga- | (2015))] Functional,
tion Opera-

tional

Object recognition COReb50: Dataset and Benchmark for | [Lomonaco Elemental,
Continuous Object Recognition and  Mal-| | Functional,

toni| (2017)] | Opera-
tional

3D imaging range | ASTM E2938-15, | |[ASTM Elemental

measurement Standard Test Method for Evaluating | (2015))]
the Relative-Range Measurement Per-
formance of 3D Imaging Systems in the
Medium Range

Pose Determination ASTM E2919-14, Standard | [ASTM Functional
Test Method for Evaluating the Perfor- | (2014)]
mance of Systems that Measure Static,

Six Degrees of Freedom (6DOF), Pose

Motion tracking ASTM E3064-16, Standard | |[ASTM Functional
Test Method for Evaluating the Per- | (2016)]
formance of Optical Tracking Systems
that Measure Six Degrees of Freedom
(6DOF) Pose

Human detection | Quantitative measures of human de- | [Shneier Functional

and tracking tection and tracking systems et al.

(20154)),
[Shack-
leford et al.
(2016)]

Communication ASTM WK54421, Standard Practice | [ASTM Functional
for Performance Testing of an A-UGV | (2018c)]
Under Varied Commnication Condi-
tions
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Table 1.5 Catalog of evaluation resources for system type: Interaction.
System type: Interaction
Characteristic Resource Reference | Level
Human-Robot Inter- | Common Metrics for HRI [Steinfeld Functional,
action et all | Opera-
(2006)] tional
Situation awareness Situation Awareness Global Assess- | |Endsley Functional,
ment Technique (SAGAT) (1988))] Opera-
tional
Workload NASA Task Load Index (NASA-TLX) | |Hart and| | Functional,
Staveland Opera-
(1988)] tional
Safety ISO 13482:2014, Robots and robotic | [ISO Functional,
devices — Safety requirements for per- | (2014a)] Opera-
sonal care robots tional

assume a level of computational functionality, and the performance characteristic
that is measured is representative of that functionality. For example, performing
a navigation task will potentially exercise a robot’s ability to plan paths, calculate
trajectories, etc., to perform the most effective traversal.
metric for a navigation task, such as time to complete, is informed by autonomous
functionality that is driven by algorithms and other computational elements, but
does not specifically measure that computational performance. Any performance
measurement is in the context of that task or actions that were performed. There
have been efforts to characterize a robot’s autonomy, such as the Autonomy Levels
for Unmanned Systems (ALFUS) framework [Huang et al| (2005)], and human-
centric measures of autonomy (e.g., neglect time, interaction time, robot attention
demand [Goodrich and Olsen Ji| (2003)]). However, explicit evaluation methods
for the computing characteristics of an industrial robot do not exist, and may be
desirable given how integral this aspect is to robot performance.

Of the resources presented in Tables a majority of them can be used for
functional level evaluations. Functional level evaluations are likely easier to develop
as they are focused specifically only on one or a few robot capabilities, and also
easier to implement and conduct.

Thus, a performance

There are not many elemental evaluations methods that have been formalized,
as typically the properties of robot components that can be evaluated are done
so using more basic means. The speed of a robot’s traversal, for instance, can be
measured using well-established distance and time measurements. Such a measure
is also typically devoid of context and therefore requires less specificity. The few
resources that are at the elemental level, such as the test methods for finger and
grasp strength |[NIST)| (2018d)] [Falco et al.| (2018b)], are those that require unique
test artifacts to be evaluated properly, and therefore also need documentation.

The majority of operational level evaluation resources are specified through com-
petitions, such as the many leagues in RoboCup [RoboCup| (2018a))]. These oper-
ational level evaluations are essentially a series of functional evaluation methods
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used to form a scenario. The scenarios used in competitions, though, are typically
limited in their applicability to the real world due to restrictions on variability in
order to balance difficulty inherent in the application domain and ensure fairness
in terms of currently-available technologies used by the competitors. The tasks and
metrics used in these competitions are still viable evaluation methods and can be
used to model tasks in other domains that the competition may not explicitly cover.
More operational level evaluation methods need to be developed to satisfy increasing
technology readiness level (TRL) requirements for industrial robot developments,
which is discussed in Section [[4l

1.6 Contextualization

The context in which an industrial robot is used is important. Context includes
many factors that can influence performance, such as environmental conditions,
variability of task parameters, and interactions with other agents and humans.
Evaluating industrial robot performance will produce metrics that are only mean-
ingful if they are framed properly. Therefore, the results of an evaluation must be
contextualized such that the understanding of performance is meaningful and its
relevance to a specific application can be understood. Recording the context for an
evaluation will also make it easier to replicate the results. Conversely, the context of
a particular target use case, scenario, or domain can also be characterized in order
to tune the parameters of how an evaluation is to be conducted. It can also set
thresholds on performance metrics to determine if a recorded measure is acceptable
or not per the context.

For example, the environmental difficulty with which a material transport vehicle
(e.g., an AGV) has to contend can vary depending on where it is deployed. Some
factories have aisleways that are flat, clean, and kept clear at all times for the AGVs,
therefore these systems are not expected to traverse rough or uneven terrain, or
deal with clutter and obstacles that must be avoided. Performance test results of
travel speed and navigation evaluation conducted under pristine conditions would
therefore be relevant when making purchasing decisions about an AGV for factories
which offer clear, clean, flat aisles. This is not the case if an AGV is intended
for use in an environment that has cluttered aisles, holes in the floor, and varying
flooring materials. An applicable resource for this example is the ASTM F3244
[ASTM] (2017a))] standard test method for navigation where the dimensions of a
defined area and the average traversal speed through that area are measured. The
dimensions of the area provide a context for the performance measurement and
can be defined to determine a more generic characteristic of the robot (e.g., the
narrowest passage able to be traversed) or tuned to fit the conditions of an intended
deployment environment. The context under which the above navigation test is run
can be further defined by use of a complementary Standard Practice for Recording
Environmental Effects for Utilization with Automatic, Automated, or Autonomous
Unmanned Ground Vehicle (A-UGV) Test Methods [ASTM]| (2017d)]. This practice
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provides a standard way to define the environmental conditions — or context — under
which testing of an A-UGYV is conducted.

This section reviews contextualization factors that should be considered and can
be referenced when performing evaluations. A summary of the factors is presented
in Table [I.6] This table is also available online and will continue to be updated
as new resources for contextualization become available: http://nerve.uml.edu/
EvaluationCatalog/.

1.6.1 Contextual Characteristics

In order to define context, the relevant characteristics must first be determined
and measured. While there is no comprehensive list of these characteristics, many
efforts have sought to organize the relevant parameters. For example, the IEEE
Robot Task Representation Study Group is developing an ontology to represent the
relationships between aspects of robot automation tasks [Balakirsky et al.| (2017))].
In addition to other defined terms, they present two groups of distinct characteristics
of context: the environment (things that are not part of the robot system) and
the platform (things that are part of the robot itself). The characteristics of the
environment can be expressed as characteristics that the robot requires in order
to perform the task. There are also frameworks for robot performance, such as
the PerMFUS [Huang et al.| (2007)] framework, which was developed to facilitate
characterizing performance requirements for an unmanned system, and metrics to
measure performance to meet those requirements, focusing on military applications.
The framework is built on three axes: mission complexity, environmental complexity
or difficulty, and independence from humans (as related to autonomy). Each axis
can be taken as a group of relevant characteristics that are used to define context.
The characteristics of the robot itself are also important for context. The hardware
and software configuration of an industrial robot will vary based on many factors
and is particularly important to record if the robot is configurable for multiple jobs.
From these sources, four high-level contextual characteristic groups can be defined
that fit the industrial robotics space: task complexity, environmental conditions,
human-robot interaction, and robot configuration.

Task complexity characteristics pertain to the actions required to be performed
by the robot in order to complete a task, such as picking and placing objects or
delivering a payload by traversing through a warehouse. The characteristics of
individual tasks are relevant for functional level evaluations, whereas those for an
entire job or combination of tasks are relevant for an operational level evaluation.
Some generic characteristics include accuracy, repeatability, throughput, speed, and
completeness, each of which can have associated performance metrics as relevant to
the task. There are also factors relating to task composition, such as the a priori
knowledge needed to perform a task, any adaptation to unplanned events that is
required, etc. More specific characteristics can pertain to artifacts that are part of
the task, such as objects that are manipulated by an end effector or carried as a
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payload (e.g., dimensions, texture, fragility, weight). Some existing taxonomies of
industrial tasks exist, such as [Shneier et al.| (2015b))], which distills assembly tasks
into robot actions and their associated parameters.

Environmental conditions are characteristics of the operating space where the
tasks will be performed. Examples of these characteristics include the dimensions of
operating space, lighting, sensor interference, ground surfaces, air particulates, and
obstacles. There are many environmental characteristics that can be measured, but
they should be limited to those that can impact performance. For example, oper-
ating in a clean room environment will require any human agents to wear personal
protective equipment which may impact any human-robot interaction components
of the system. Conversely, operation in a low-light environment may have fewer
implications for a robot system that relies solely on light detection and ranging
(LIDAR) data to operate. Many environmental conditions are not static and may
involve transitions between conditions, such as a vehicle delivering goods into and
out of a freezer, or lighting changes for day/night operations. Tools such as lux
meters for lighting and temperature sensors can be used to explicitly measure envi-
ronmental characteristics. A good resource for environmental conditions and their
pertinent qualities is ASTM F3218 |[ASTM] (2017d))], which provides a method for
recording environmental characteristics.

Human-robot interaction (HRI) characteristics are particular to instances where
humans and robot(s) are collocated and/or collaborating. These characteristics in-
clude the roles of the human agent (e.g., supervisor, operator, mechanic, peer,
bystander |Scholtz| (2003)]), the frequency of interaction (e.g., simultaneously per-
forming a collaborative task, sequentially performing tasks that are dependent on
each other), and the protocols for interaction (e.g., conveying failures, adapting
task processes due to unplanned events). The context of HRI in the industrial
domain also sees human agents teaching robots to perform tasks, doing so kines-
thetically, teleoperating with a teach pendant, or more traditional programming.
Each of these characteristics is important to note for functional (single tasks) and
operational evaluations (combinations of tasks). There are existing taxonomies and

surveys of common HRI metrics and relevant characteristics, such as [Yanco and
Drury| (2004))], [Steinfeld et al| (2006)], [Lasota et al| (2017)], and [Bauer et al.
(2008)], that can be used to guide evaluation. Operator workload is a major con-
sideration for characterization of HRI as well. The taxonomy presented in [Hooey
et al.[(2017))] categorizes the drivers of workload into environment, task, equipment,
and operator characteristics.

Robot configuration refers to the hardware and software characteristics of the
industrial robot that is being evaluated. Industrial robots are designed to be inte-
grated into many different types of environments and to perform a variety of tasks,

meaning they are highly reconfigurable. Mobility platforms can provide many op-
tions for localization methods, such as using cameras to detect fiducials in the
environment, LIDAR data for SLAM, or following magnetic tape on the ground.
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Manipulator systems are typically comprised of a combination of arms, end ef-
fectors, and sensors. There are also tunable software settings for each hardware
component and for how the entire robot system will use them to function. To this
end, capturing the pertinent robot configuration characteristics that were used to
conduct an evaluation is necessary. The ASTM F3327 |[ASTM] (2018)] standard
provides a practice for recording the configuration of an industrial mobile vehi-
cle, noting relevant characteristics including hardware parameters (e.g., make and
model, steering type, loaded/unloaded), software parameters (e.g., velocity, accel-
eration, stand-off distances), capabilities (e.g., localization method, sensors used,
safety-rated equipment), and task-relevant characteristics (e.g., environment maps,
changes in software during a test). A published standard does not yet exist for
recording the relevant characteristics of a robot manipulator, but [Mahler et al.
(2018)] discusses several important aspects including the robot’s computer system,
arm, grippers/hands, sensors, and controller.

1.6.2 Communicating Context

Given the many characteristics of context that can impact robot performance, pre-
senting the context under which an evaluation took place must be done in an under-
standable manner. The first step is to use a standard nomenclature when describing
the context of an evaluation. Evaluation resources that are produced by standards
committees will typically adhere to their own terminology standards. Relevant
standard terminology documents include:

e ISO 8373 Robots and Robotic Devices — Vocabulary [ISO)| (2012))]

e OSHA Technical Manual, Section I'V: Safety Hazards, Chapter 4: Industrial
Robots and Robot System Safety |[OSHA| (2017))]

e ASTM F3200 Standard Terminology for A-UGVS [ASTM] (20184)]

e ISO/TS 15066 Standard Terms for Collaborative Robots [ISO| (2016D))]

e Proposed Standard Terminology for Robotic Hands and Associated Perfor-
mance Metrics [Falco et al.| (2018b))]

Many of these standards documents reference one another so as to not provide
conflicting definitions of terms.

The evaluation resources described in Section [1.5| specify pieces of information
which are relevant to an evaluation that must be recorded. This includes the ex-
hibited performance metrics and contextual information related to the four groups
described previously. Many of the evaluation methods provide methods by which to
record this data in a standard format and present it alongside the performance met-
rics. For example, the YCB Benchmarks website [YCB| (2018)] hosts community-
generated protocols that utilize the YCB objects and each protocol has fields for
providing contextual information such as the initial and target poses of each ob-
ject, description of the environment, and a priori information provided to the robot.
Standard test methods such as ASTM F3244 for navigation [ASTM]| (2017a))] require
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that relevant characteristics of context be presented, including shapes, dimensions,
and boundary types used to define the area being navigated. These evaluation
methods, as well as the previously described standard practices for recording envi-
ronmental characteristics [ASTM] (2017d))] and robot configuration [ASTM] (2018)],
provided sample test forms that can be used to record and present the relevant con-
textual characteristics in a standard format. See Figure[I.4]for a suggested example

report form that can be used with ASTM F3218 standard.

hods For ic, A d, and
4G d Vehicles (A-UGVs)

ASTM International Committee F45 on Driverless Automatic Guided Industrial Vehicles

Standard Test M
L

F45.01 ENVIRONMENTAL EFFECTS: Recording Form (continued)

GROUND SURFACE

Unknown

Smooth (e.g., concrete, tile, linoleum, carpet)

Rough (e.g., gapped wood, cobblestone, gravel, vegetation)

Air
Velocity /
Direction:

Side view:

Type:
Elevation ; )
Chango Gap Depth: cm Length cm Step Height cm  Length cm None Unknown
e Semi-rigid (e.g., compacted dirt or gravel, Soft, malleable (e.g., snow, mud, dry
Deformability:  Rigid (e.g., concrete, asphatt) ot san) nccsirial corped) Snd, padded corng) Unknown
Lovel 1 Level 2 Level 3
Srade: 0-5% 6-10%d 11-15% 16% and above None Unknoum
% % % %
Flat floor Moderately flat floor Non-flat floor Outdoor
Undulation: 0 -6 mm variation 712 mm variation 13 - 51 mm variation More than 51 mm variation Unknown
over3m over3m over3m over3m
Friction High friction Moderate friction Low friction o
Coefficient: (if known) (if known) (if known)
Ground None (e.g., dry, clean) Fine (e.g., cardboard or concrete dust) Coarse (e.g., sand, pebbles) Unknown
Particulates: g Ay -9 9., sand, p
Consistency: Continuous (same condition throughout the apparatus) Transitional (moving between conditions within the apparatus) Unknown
AIR QUALITY Unknown
Clear (e.g. clean room, Moderate (e.g., visible fog, dust, Dense (e.g., dust storm,
Air Particle no visible air particulates) light to moderate rain/snow/fog) heavy snowlrain/fog) Unknown
Density:
(if known) (if known) (if known)
Z':r"'(’i':uky. Continuous (same condition throughout the apparatus) Transitional (moving between conditions within the apparatus) Unknown
Location/direction with respect to A-UGY Mark on diagrams below: Unknown

NOTES:

TEST TECHNICIAN:

Fig. 1.4 A suggested example report form that can be used to record ground surface and air
quality environmental conditions for the ASTM F3218 standard [ASTM]| (2017d)].



March 13, 2019 12:39

22

ws-book961x669

Book Title

Book Title

output page 22

Table 1.6 Summary of contextualization factors to consider when performing evaluations.

Contextualization Factors

Categories Considerations | Examples References
Metric Accuracy, repeatability, throughout, [Shneier
Task requirements speed, completeness o
complexity Task Requirements for a priori knowledge, (201é>b)}
composition adaptation to unplanned events, se-
quence of actions
Regulred robot Assembly: detect, align, pick up, in-
actions .
sert, slide
Task/ object . Dimensions, texture, fragility, weight
physical properties
Environmental Eilzsmal proper- Elgn(;r;s)ll(l):j :jrzieeratlng space, light- [ASTM
conditions Static vs. dy- | Changing lighting due to time of day, (2017d)]
namic moving in and out of a freezer
Interference External sensor emission (e.g., LI-
DAR), electrical interference
Roles of the hu- | Supervisor, operator, mechanic, peer, | [Scholtz
Human-robot man agent bystander (2003)],
. . Frequency of . . . [Yanco and
interaction . . Simultaneous collaboration, sequential
interaction . Drury
independent task performance (2004)]
Protocols Communication of failures, adaptation (Bavier .
to unplanned events o7 o
Teaching method | Kinesthetic, teach pendant, computer (2005';)]
programming
Workload Drivers: environment, task, equip- | |[Hooey
ment, and operator et al.
(2017)]
Robot Hardware Locomotion method, sensors, arms, | |[ASTM
confieuration end effectors, tooling (2018))],
& Software Velocity, navigation, localization, ob- | [Mahler
stacle avoidance, object detection, | let al.
decision-making (2018)]
Capabilities Localization method, sensors used for
navigation and obstacles avoidance
Industrial robots | ISO 8373 Robots and Robotic Devices | [[SO
and safety — Vocabulary (2012))]
Terminology OSHA Technical Manual, Section IV: | |[OSHA
Safety Hazards, Chapter 4: Industrial | (2017)]
Robots and Robot System Safety
Industrial mobile | ASTM F3200 Standard Terminology | |[ASTM
vehicles for A-UGVS (2018a))]
Collaborative ISO/TS 15066 Standard Terms for | [ISO
robots Collaborative Robots (2016b)]
Robotic hands Proposed Standard Terminology for | [Falco et al.
Robotic Hands and Associated Perfor- | (2018b))]
mance Metrics
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1.6.3 Conducting Relevant Evaluations

When conducting evaluations, evaluation resources at the elemental level are typi-
cally devoid of explicit context as they evaluate more generic properties of robots.
Evaluations at the functional and operational level, however, will be conducted in a
more specific context that can be relevant to a particular use case, scenario, or appli-
cation domain. In this case, one can conduct a relevant evaluation by matching the
contextual characteristics of the target use case to that of the evaluation context.
A robotic food-handling application for sorting and inspection for deformities, for
example, may involve manipulation of soft, fragile materials, with camera-enabled
computer vision, performed in a clean environment. There may also be HRI consid-
erations to the application wherein an operator will have to reprogram the system
several times a day to change which job it is performing. These contextual charac-
teristics will impose performance requirements on the robot, in addition to desired
performance thresholds such as throughput and accuracy, that will inform how to
evaluate the robot.

By specifying the context under which an evaluation takes place, comparisons be-
tween multiple robots can also be made. Experimental results may also be replicated
when the same context is used across multiple experiments. This is very important
when benchmarks are produced and shared with the research community, as future
benchmarks that are generated must be directly comparable to others. However,
if sufficient contextual information is not supplied, replications of an experiment
may not be possible and comparisons may not be fair or accurately representative
of a robot’s performance. While there is no explicit requirement for the minimum
“amount” of context that must be supplied or adhered to when conducting an eval-
uation, noting the characteristics that are considered to be potentially impactful
on robot performance (across the four categories outlined in Section is good
practice. There are also many characteristics that have been shown to have impacts
on robot performance throughout the research community. For instance, the surface
quality of an object that is to be avoided in the environment by a mobile robot is
highly relevant, particularly if the robot uses LIDAR sensors and the object’s sur-
face is flat black [Kneip et al.|(2009)] or if the robot uses sound navigation ranging
(sonar) and the object’s surface is highly reflective [ANSI/TTSDF]| (2012))]. Not all
contextual characteristics will be presented alongside a performance evaluation, and
the values of those missing characteristics should not be assumed. Additional eval-
uation may be required if the missing characteristics are deemed relevant enough
to change the performance outcome.

The capabilities of industrial robots are typically designed to be application-
agnostic, meaning they are relevant to many different use cases and domains.
Demonstrating a robot’s applicability across domains, though, can be difficult, due
to the varying characteristics of context particular to each domain. This could im-
ply a desire for more generic test protocols that are devoid of specific context, but
such testing will likely miss some of the relevant aspects of a use case that could
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impact performance. Instead, methods for translating the results of an evaluation
between domains could be developed. Proper representation of the relevant con-
textual characteristics for an evaluation could enable this type of transferability
to be demonstrated. If an evaluation has already been conducted, the contex-
tual characteristics that it is presented with could be compared to that of another
target domain and the similarity could be assessed. Or if an evaluation is being
designed, the shared contextual characteristics of one or more domains could be
used to shape the conditions of the evaluation method, finding the overlapping
characteristics and implementing them. There are also considerations for variabil-
ity of contextual characteristics to better reflect real world scenarios and evaluate
the robustness of a robot’s capabilities; these are discussed in Section More
formal methods need to be developed to properly guide this type of comparative
and transferable evaluation.

1.7 Robustness, Significance, and Repeatability

Robustness is defined as “the degree to which a system or component can function
correctly in the presence of invalid inputs or stressful environmental conditions”
[IEEE] (1990)]. It is an important characteristic to consider when implementing
robotic systems, especially in manufacturing operations where production disrup-
tions are extremely costly. A survey found that stopped production costs auto in-
dustry manufacturers an average of $22,000 per minute |Manufacturing.net| (2006))].
Characterizing the variability of conditions that an industrial robot will encounter
is a daunting task. Lighting levels and hues are classic examples of highly-variable
factors that affect vision systems in industrial settings. Performance evaluations
should take into account edge cases to determine how the system responds. If the
inputs or conditions are outside its performance envelope, at a minimum it should
degrade gracefully or raise an alert so that the situation can be remedied. Ro-
bustness and variability concerns are part of the context under which a system is
evaluated as well as deployed. Representing robustness and variability in mean-
ingful ways will be essential for completing the definition of context. Statistical
representations may provide a way forward in capturing the variations in external
conditions. Modeling the distribution of conditions, such as lighting intensity, den-
sity of traffic, uncertainty in part positions, etc., would provide a starting point for
more rigorous characterization of context and also serve to provide ways to evaluate
the robotic system robustness by testing how it responds to edge cases or outlier
conditions.

Repeatability is an important aspect of industrial robot performance as it
demonstrates competency of a capability. One-off performance demonstrations do
not wholly represent the capabilities of a system; it must instead be demonstrated
to perform reliably many times within a desired threshold. Depending on the task,
there may also be implications for safety, such as for a mobile robot reliably avoid-
ing a human in the environment. If the robot cannot reliably avoid collisions with
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another object in the environment then it may not be deemed safe and therefore
will most likely not be deployed. Standard test methods for robots, such as those
specified through ASTM, require that repeatable test results be achieved within cer-
tain levels of statistical reliability and confidence levels. For example, the standard
test method for navigation in a defined area [ASTM]| (2017al)] has variable success
criteria that are set by the test requestor, such as navigating through an aisle that
is 5 meters wide, without colliding with the boundaries. This task must be repeated
several times, successfully, until a certain number of repetitions is reached without
any failures (i.e., colliding with the boundaries). See Table for the number
of repetitions required to achieve different confidence and probability measures for
static test settings. For tests involving variability, such as to test for robustness,
more statistical analysis is required in order to achieve significance.

Table 1.7 The number of repetitions required to achieve different confidence measures
against the probability of success thresholds with zero failures. Source: [ASTM]| (2017a)]

Probability of Success Threshold

0.99 0.95 0.90

0.99 459 90 44

0.95 299 59 29

Confidence 0.90 230 45 22
0.85 189 37 19

0.80 161 32 16

Experiment replicability is one of the cornerstones of the scientific method and
is necessary in order for a technical field to make measurable progress. Replicability,
also referred to as reproducibility, is also essential for enabling industrial application
of a new technology. The key is to define as precisely as possible the experimental
conditions so that others may reproduce them and conduct the same procedures. It
is increasingly acknowledged that the field of robotics in general is hindered by the
lack of experimental replicability [Bonsignorio and Del Pobil (2015)]. One example
of response to this need is the creation of a new type of paper within the IEEE
Robotics and Automation Society Magazine that is devoted to reproducing the
described experiments — “R-papers” |Bonsignorio| (2017))].

The value of replicability is further increased if there is a way of categorizing the
context in which the experiments succeeded. As noted in [Amigoni et al.| (2017))],
experiments in robotics typically are not necessarily conducted to prove a hypothe-
sis, but rather to demonstrate that a system is working with respect to a reference
model and that it works (ideally) better than other similar systems. Due to the
complexity of robotic systems, there is also an exploratory aspect to experiments,
where they are conducted to bring forth the responses and behavior of the system
being tested. Regardless of whether the experimental results are based on evaluat-
ing how well a robot works or if they are based on answering a broader question
of how a robot responds to a given environment and stimuli, it is important to
understand how the results can be extended to other situations. The concept of
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generalizability is therefore an additional consideration when defining and designing
replicable experiments.

Generalizability hinges on defining an experiment’s “representativeness”
[Amigoni et al| (2017)]. The representativeness of experimental conditions cor-
responds closely to the context discussed in Section In order to realize the
potential of replicable experimentation that can be extrapolated to other applica-
tions or implementations, it will be necessary to develop more rigorous definitions
of contextual elements. Examples of quantitative descriptions of the environment
include analysis of building features which were the settings for papers on SLAM
in a major robotics conference [Amigoni et al.| (2017))] and metrics for the terrain
difficulty that a robot traverses |[Molino et al| (2007)]. Having quantitative mea-
sures of industrial environmental conditions can help in assessing of whether results
reported in a paper or product brochure are applicable to similar scenarios.

Another potentially important resource in supporting reproducibility of experi-
mental results is the open source movement. There are many efforts in the develop-
ment of software for robotic systems that can be reused and that enable replication
of systems for conducting experiments. Examples include Open Robotics, which
supports the Robot Operating System (ROS) and the simulation tool Gazebo [Open
Robotics|(2018)] and the Open Robot Control Software (OROCOS) [Orocos| (2017))].
A variant of ROS that is focused on industrial robotics is being developed through
the ROS Industrial Consortium |[Edwards and Lewis| (2012))]. However, considera-
tions when deciding to adopt existing software need to include under which contexts
it is applicable. Grasp planning software developed for picking parts that have al-
ready been singulated (isolated) and assumes no collisions will occur in approaching
an object will not work if applied to bin-picking.

1.8 Conclusions

This chapter reviews many different facets of industrial robot evaluation, from de-
termining appropriate KPIs and KPPs to contextualizing and evaluating indus-
trial robot capabilities with considerations for variability, reliability, and confidence.
While many evaluation resources have been developed and are actively being used
throughout the industrial robotics community, there are still areas that require ad-
ditional work to fill evaluation gaps, particularly in the areas of contextualization
and generalization.

The evaluation resources that are available require some level of context to
be recorded and presented with the performance data, but it is not clear if the
appropriate amount of context is being captured. This issue has larger implications
when characterizing the context under which a robot is planned to be used and
knowing which factors of context must be properly represented as an evaluation
parameter. If a procurement of a robot system is planned, the procurer will need a
method to validate the degree to which presented performance data is relevant to
their planned use case. At the same time, the intended deployment environments
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for industrial robots must be effectively characterized so robot manufacturers can
develop their systems with a better understanding of the end goal. More context-
driven evaluation methods can assist stakeholders on both sides of this scenario.

Different levels of variation and accurate context replication of the target use
case(s) will satisfy whether or not an evaluation is considered to have been conducted
in a laboratory environment (TRL 4), relevant environment (TRL 5 and 6), or
an operational environment (TRL 7). A method by which to connect relevant
contextual characteristics to each of the TRLs will be very beneficial in advancing
how industrial systems can be evaluated. Guides for how to effectively represent
the relevant contextual characteristics of real-world use cases into an evaluation are
also needed to ensure proper replication of test results.

Evaluating the performance of an industrial robot’s capabilities must be done in
a manner that allows for the results of the evaluation to be translatable to multiple
domains. The aim is not to develop evaluation methods that lack specificity, but
to allow the relevant characteristics of the performance context to connect to the
evaluation results. Proper characterization of context will enable this and allow for
generalizability metrics to be developed. It will also highlight gaps in an evaluation
that need to be addressed before allowing claims to be made about an industrial
robot’s capabilities in other domains.

Development towards bridging these gaps will address needs for connecting the
results of an evaluation to the requirements of a technology readiness level (TRL),
which ultimately will allow the field of industrial robotics to progress more rapidly.
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