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Abstract

In recent years, cognitive robots have started to find their way into manufacturing halls.
However, the full potential of these robots can only be exploited through a) an integration
of the robots with the Manufacturing Execution System (MES), b) a new and simpler way
of programming based on robot skills, automated task planning, and knowledge modeling,
and c) enabling the robots to function in a shared human/robot workspace with the ability
to handle unexpected situations. The STAMINA project has built a robotic system that
meets these objectives for an automotive kitting application, which has also been tested,
validated, and demonstrated in a relevant environment (TRL6). This paper describes the
STAMINA robot system and the evaluation of this system on a series of realistic kitting
tasks. The structure of the system, evaluation methodology, and experimental results, are
presented along with the insights and experiences gained from this work.
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1 Introduction

The demand for more flexibility on the factory floor requires novel robotic tech-
nologies that are able to cope with a large amount of variability, compared with
classical manufacturing robots. Cognitive robots that are presently under develop-
ment for the shop floor are equipped with sophisticated manipulators and a large
number of sensory devices, including laser scanners and 3D cameras. The sensors
are meant to help the robot manage uncertainty about its physical environment. For
example, robots might need to interact with humans to coordinate tasks in shared
environments. Another big asset of such a cognitive robot is that the objects it
needs to manipulate are not required to be in exact locations any more. For ex-
ample, it is enough for the robot to know that an object of interest is on a specific
pallet. With its camera the robot will then be able to find the object.

Fig. 1: The cyber-physical STAMINA cognitive robot performing an industrial kit-
ting task in the experimental kitting zone at PSA Peugeot Citroën.

The STAMINA project1 explored the development of such a cognitive robot for
use in an industrial kitting application at PSA Peugeot Citroën (hereafter, PSA).
Kitting (see Fig. 2) requires the robot to collect parts specified on a list called a
kitting order, place them into a kitting box (the two white boxes on the robot in
Fig. 1 are kitting boxes), and deliver the completed kit to the manufacturing line.
In principle, kitting can be applied to any part in the warehouse. However, from a
robotics perspective, the robotic gripper limits the parts that can be handled, and a

1 This work was supported through the EU FP7 project STAMINA, Grant no. 610917.
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Fig. 2: An overview of the kitting process: parts are fetched from a kitting area
(the kitting supermarket) and put into a kitting box that is delivered to the
manufacturing line.

dedicated gripper needs to be chosen depending on the parts the robot is expected
to pick. The STAMINA robot is also equipped with a special conveyor system to
load and unload kitting boxes, however, kitting box logistics are not addressed in
this paper.

Currently, kitting orders at PSA are printed on paper and executed by hu-
mans who collect the parts and assemble the kits. In earlier work [18], a robotics
approach to this problem was presented which integrated the STAMINA robot’s
hardware and software systems with the Manufacturing Execution System (MES)
at PSA, so that the robot could perform kitting tasks completely autonomously.
Using this approach, kitting orders are transmitted directly from the MES to the
robot via a logistic planner, which holds information that the robot might require
for completing the kitting task (e.g., part appearances (CAD models), part quanti-
ties, warehouse layouts, and the location of boxes, shelves, and pallets). A mission
planner interacts with the logistic planner to determine whether a kitting order is
achievable by the robot, given the current information about the kitting environ-
ment. Finally, a kitting order is sent to the robot, together with the information
necessary for performing the task. A robot-level task planner then identifies the
actions the robot should actually perform in order to complete the kitting order.
These actions are determined on the fly, with recovery mechanisms to handle un-
expected situations as they arise. As a result, the STAMINA robot is able to collect
the requested kits completely autonomously.

This paper builds on the previous work by making two key contributions. First,
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it describes the final implementation of the STAMINA robot used for kitting, which
includes several key enabling technologies:

• The physical robot has a set of generic robot skills [27, 32] that allow it to
perform various tasks, including those required for kitting. These include
skills to drive [30, 31] the robot to a specific location, pick [14, 13] a part
from a storage container, and place [9, 10, 11, 28, 29] it into the kitting box.
The skills make use of the various cameras and laser scanners to cope with
uncertainty in the shop floor environment.

• In addition to generic robot skills, the robot is equipped with dedicated skills
that enable a kitting technician to train the system, for instance by driving
the robot around the kitting area to define the layout, or teaching the robot
how to pick particular objects. This trained information is stored and shared
with the various components of the system as needed [18].

• The robot is able to complete a kitting order by automatically planning the
correct sequence of skills [7, 8, 26, 34]. To do this, the robot interacts with
a logistic planner that provides information about the available parts, their
appearance, how they should be grasped and placed, and where they are
located, including a map of the kitting area [18]. The result is a form of
automatic programming that autonomously sequences skills to achieve the
given kitting order.

• A suitable human-machine interface (HMI) was developed, together with a
process for inputting the required knowledge base that describes the physi-
cal environment, following ISO standards [15, 16]. As a result, the classic
robot programming task was essentially replaced by the task of building the
knowledge base correctly.

• Several sources of errors were identified and automatically managed by the
STAMINA robot. These included situations where the shop floor environ-
ment was dynamic, the workspace was shared with humans, deviations be-
tween the knowledge base and reality were likely, or skill execution errors
were common (e.g., an object slipped out of the gripper). After detecting
and identifying relevant error situations, the robot attempted to recover from
errors autonomously, or otherwise called a human for help.

Second, in collaboration with PSA, the STAMINA robot was tested in a re-
alistic setting consisting of a large factory hall with shelves, storage containers,
car parts, and real factory communication protocols, in accordance with EU TRL6
guidelines [36] and the safety regulations at PSA [18]. This testing aimed to
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• verify that the robot and its supporting systems were operating correctly and
as expected, and evaluate the used approach [18].

• validate that the resulting system could successfully complete kitting orders
communicated through the factory’s existing systems to the satisfaction of a
kitting technician: Are assumptions correct? Does the logistic planner hold
all the needed information?

Therefore, this paper additionally:

• summarizes the design of the experimental testing, including a brief discus-
sion of the analysis of the existing kitting processes at PSA and the for-
mulation of storyboards that mimic typical situations that can arise in this
environment;

• provides an account of the testing methodology used to evaluate the STAMINA
robot system, including the requirements for the experimental tests; and

• describes and analyses the project’s experimental results. In all experiments
reported here, traveling speed of the robot and moving speed of the robot
arm were constrained according to a risk analysis done at PSA before the
experiments.

With the clear definition of the experimental setup, precisely described test
scenarios, and a thorough evaluation of the results, this paper provides a baseline
for similar future applications.

The remainder of the paper is organized as follows. In Sect. 2, related work
is discussed. In Sect. 3, an overview of the STAMINA robot system is presented,
along with a description of how it is integrated with the manufacturing systems at
PSA, how robot skills are modelled, how the robot stores information, and how the
robot plans its actions. In Sect. 4, the experimental setup is described. In Sect. 5,
the results of experimental testing are presented and analysed. Finally, in Sect. 6
the overall results are discussed together with lessons learned and a summary of
the STAMINA project’s conclusions.

2 Relation to Other Work

This work aims to connect existing logistic approaches with advanced robotics,
which aligns with recent trends in the area towards more intelligent manufacturing
and factory automation. For example, [17] discusses a service-oriented architecture
(SOA) for dynamically scheduling mobile robots for material supply at manufac-
turing lines. At a high level, there are similarities to the STAMINA architecture
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and approach, however, in terms of robotics, [17] focuses on container logistics.
In STAMINA, robots are instead expected to handle individual parts instead of
containers, which is much more challenging for two reasons:

1. Object handling is non-trivial in the settings considered here because the
robots need to manage uncertainty in the environment and in the sensor data.

2. A robot that is expected to handle individual parts requires additional infor-
mation such as part appearance, part location or grasping rules, and these
types of information are not readily available for robot control in state-of-art
logistic automation systems. One goal of the STAMINA work is to identify
what additional information would be needed when using advanced robotics
for kitting, including an appropriate approach for managing this data.

Kousi et.al [17] correctly point out the low acceptance of advanced robotic systems
such as the one proposed here in industrial environments. One reason for this is the
limited performance of these advanced systems which will require a considerable
effort from the robotics community before improvements can be made. One as-
pect of the present work therefore focuses on encapsulating the low-level robotics
capabilities into separate components, i.e., the skills. This way, the robotic chal-
lenges become decoupled from the high-level problems of handling and coordina-
tion. At this point, it is possible to start improving the high-level approaches, for
instance using techniques from [5, 19, 22, 4, 1], apart from improving individual
skills. There have also been recent efforts aimed at extending certain high-level
approaches (such as automated planning) to these tasks [24]. At the same time, it
is worth investigating the applicability of this approach for other use cases, e.g., for
engine assembly [1] where the high-level approaches can possible be reused and
where only the individual robot skills require adaptation.

3 Overview of the STAMINA Robot System

In this section, an overview of the STAMINA robot system is presented, highlight-
ing the main components of the system along with the connections between these
components, as shown in Fig. 3: the robot skills framework, the logistic planner,
and the mission and task planners. These components implement a core idea in
the STAMINA system, namely the distinction between skills, tasks, and missions:
a skill is a basic competence of the robot, such as picking a part or driving to
a location; skills can be concatenated autonomously into larger programs, called
tasks; and missions are directives to form complete kits, according to a list of kit-
ting orders. Together, these components will be relevant for understanding how
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Fig. 3: STAMINA architecture: main components and information flow.

the STAMINA robot system integrates with the factory’s Manufacturing Execution
System, and for interpreting the experimental results in Sect. 4 and Sect. 5.

3.1 Skill-Based Robot Control

To control the robotic system, high-level robot behaviors called skills are used
[18, 27, 35] to encapsulate the basic functionalities of the robot. Skills are meant to
be self-contained and similar to apps on a smartphone. For instance, Fig. 6 shows
a sequence of skills used by the robot to pick a part from a pallet and place it into a
kitting box [12, 13, 14]. Skills have access to the robot hardware and other infras-
tructures via a software control platform called SkiROS [35, 32]. SkiROS is a mod-
ular and scalable Service-Oriented Architecture (SOA) for skills that runs on top
of the Robot Operating System (ROS). While ROS provides a low-level interface
to the robot platform, SkiROS implements the SOA on a higher level, providing an
infrastructure for coordinating robot actuation, sensing, and communication.

Skills have a specific structure (see Fig. 4) and are meant to make deterministic
changes when applied by the robot. To track the predicted effects of skills, SkiROS
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Fig. 4: The conceptual model of a robot skill. The preconditions and prediction
(blue blocks) are informative aspects of the skill. The checking procedures
(yellow) verify the informative aspects before, during, and after execution
(orange). Execution is based on the input parameter and the robot world
model (red), and results in a change to the robot world model (red).

maintains a robot world model. A skill’s preconditions specify which parameters
in the robot world model are relevant, and the values these parameters must have,
so that the skill can be expected to execute successfully. Precondition checking fol-
lows a two-step procedure: it uses the available sensory devices (Fig. 5) to update
the relevant parameters in the world state, and it verifies that these parameters have
the required values. The prediction (postconditions) describes the changes to the
robot world model resulting from a successful execution. Postcondition checking
also involves two steps, as above: the available sensory devices update the relevant
parameters in the world model, and the relevant parameters are checked for the re-
quired values. A skill’s preconditions and prediction provide a link to the planning
components of the STAMINA system (see Sect. 3.4) which automatically sequence
skills into tasks.

Several skills shared some basic but important functionalities such as locat-
ing an object or computing a suitable arm trajectory. These re-occurring sub-
functions of skills are called skill primitives. Unlike skills, skill primitives do not
have a specific structure but are instead a collection of useful functions. The skill
primitives used are locate, arm motion, kittingbox registration,
gripper oc and ff planner. As their performance impacts skill performance,
they will be tested in detail in Sect. 5.7.
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with given hardware. To deal with the aspect of differing hardware the authors  of [1,2] use an ontology to 
map the different hardware specifications onto the skills/skill primitives. However, this approach seems to 
only work if the system is already completely defined, but it does not seem to allow to dynamically add new 
hardware components. In that sense, a consistent integration of a skill-approach with a suitable 
plug’n’produce framework (e.g. via the skill-primitives) and the necessary hardware abstraction is still 
lacking. The challenge is due to the need of real-time controlling the hardware so that the direct use of ROS 
is not possible. The interpretation of a Robotic skills framework as a Service-Oriented Architecture (SoA) is 
a recent development [5,16]. Here, skills are treated as Apps or plugins: The robot skill framework provides 
the infrastructure, incl. control, service and communication functionalities as well as a world-model which 
simplifies skill-programming. While ROS provides the low-level framework, the robot skills framework 
enables the SoA on the higher-level. Error! Reference source not found., left, shows the SoA-based skill-
framework as developed in STAMINA[5,16]. The STAMINA robot uses a ROS-based service oriented software 
architecture where skills are programed as plugins/apps, and where various manager processes coordinate 
the different abstraction layers. E.g. the task manager maintains the world model containing all necessary 
plant information for autonomous task planning and autonomous task execution (see, e.g., Figure 8, bottom 
right). The skill-framework is independent from the robot embodiment, the skills-plugins provide the 
control for the actuators and sensors at hand [3,5,6,19] (see Error! Reference source not found., right for 
object localization of a pick-skill (bottom) and SLC-localization for a placing-skill (top)). A GUI assures that the 
robot can be controlled even by shop-floor workers. In STAMINA, the skill-framework [5,16] makes the robot 
into a part of a cyber-physical system (see Figure 10, left): The logistic planner (LP) provides a 
planning/execution facility to the MES: The LP 1) receives task requests from the MES and coordinates its 
execution on a suitable robot (within a potentially large robot fleet and with possibly different capabilities) 
and 2) maintains an Advanced Plant Model (APM) containing all information needed for task execution: The 
LP initializes the world model of each robot with the task relevant information from the APM incl. objects 
and parts related data, their quantities and the 3D locations of their containers or pallets in the kitting area 
(see Figure 8). Based on this data, the LP is able to simply request the STAMINA robot to fetch a known part, 
and the robot can then simply retrieve all necessary information from its world model to execute its task. 
During task execution, the skills treats the data in the world-model as uncertain prior knowledge that needs 
to be verified using sensor-readings. 

 
Figure 10. (left) shows the ROS-based SOA-architecture of our skill-based robot system framework. Skills are programed as 
plugins/apps to the robot, various manager processes coordinate the different abstraction layers. The robot has a world model 
containing all necessary plant information for autonomous task planning.   

Fig. 5: The use of the sensory devices is shown for object localization of a pick
skill (left), and the localization of small load carriers (SLCs, red in the
right image) for a place skill (right). The techniques used here match point-
clouds from RGBD cameras with CAD models of the objects [10].

3.2 Logistic Planner

The logistic planner is responsible for providing an interface to the MES and com-
municating with the rest of the STAMINA system, by a) building a knowledge
base of the kitting area called the logistic world model which describes all of the
implanted physical objects (e.g., shelves, small and large boxes/pallets, and parts),
b) interacting with the MES to receive kitting orders (a list of the parts to be col-
lected and placed into a kitting box) and returning its execution status, and c) re-
ceiving robot assignments (missions) from the mission planner (see Sect. 3.4) to be
communicated to the STAMINA robot together with the logistic world model for
execution by the robot. The logistic planner is not a planner in the robotics/AI sense
but rather a coordinator or dispatcher, that distributes requests from the MES to the
robot, along with the relevant knowledge needed for completing missions. The lo-
gistic planner coordinates between the specific functionality of the MES (responsi-
ble for scheduling the production), the mission planner (responsible for assigning
missions to the robot), and the STAMINA robot (responsible for performing the
kitting tasks). In addition, the logistic planner acts as a communication hub by
handling different communication protocols: HTTP REST on the MES side and
ROS on the robot side.

A dedicated shop floor worker called a kitting technician is responsible for
building the logistic world model using the logistic planner’s graphical user inter-
face. In the first step, a 2D map of the kitting area is retrieved from the STAMINA
robot in the form of an occupancy grid created by SLAM (Fig. 14). The kitting
technician then populates the map with instances of 3D models corresponding to
the objects physically available in the kitting area (Fig. 15, top), i.e., shelves con-
taining small boxes with the kitting parts, and large boxes placed on the floor,
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Fig. 6: Picking a part from a pallet and placing it in a kitting box. See [13] for a
discussion of the picking skill.

containing layers of kitting parts (air compressors, starters, alternators). The re-
sult of this implantation process is a 3D model describing the layout of the area,
the location of each shelf and large box, and their internal structure, contents and
geometry (Fig. 15, bottom). It is also worth noting that the approximate metric
3D model that comes out of this modeling process has been proven to be precise
enough for the robot.2. A full discussion about the reliability and real-time de-
tection of inconsistencies in the logistic world model by the robot is provided in
[2].

The logistic planner is implemented as an independent and autonomous soft-
ware system, comprising two elements: a server and a user interface. The server
makes use of a document-oriented NoSQL database (MongoDB),3 assuring the
persistence of the logistic world model and the current state of execution of kit-
ting orders and tasks. The server runs on top of a Java Virtual Machine (JVM)
on a Linux operating system. The user interface runs on any Internet browser and
follows the HTML 5 specification. It is programmed in HTML and JavaScript,

2 The required precision is constrained by the overview cameras that are used to find the objects.
A pallet location may be ≈ ±25 cm

3 https://www.mongodb.com/
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making use of the WebGL4 standard for the 2D and 3D visualizations of the logis-
tic world model. Details of the software implementation are provided in [37].

3.3 Robot World Model versus Logistic World Model

An important idea in the STAMINA system is that it distinguishes between two
different world models: the robot world model (from SkiROS) and the logistic
world model (from the logistic planner). Both world models are knowledge bases
that store information about the state of the world. The robot world model includes
the robot state as well as the task-relevant extrinsic information [18]. The core
part of the robot’s knowledge is organized into an ontology, defined in the Web
Ontology Language (OWL) [3]. The ontology can be easily embedded, edited, and
extracted from the SkiROS system [32]. In STAMINA, this includes information
about the objects, kitting boxes, pallets, and their locations, visual appearances
and grasping poses. The database also integrates with other low-level databases to
include information such as the shop floor map for driving and the robot kinematic
model. The extrinsic information is provided to the robot by the logistic world
model. While the logistic world model holds the entire knowledge base of the
factory hall, the robot world model holds only the task-relevant part of the logistic
world model. For instance, the robot world model may only have models of a shelf
and a pallet when the task involves specific instances of those containers. The many
other objects in the logistic world model are not needed by the robotic system in
the scope of this task.

3.4 Mission and Task Planning

The mission planner is responsible for assigning kitting orders to the STAMINA
robot, thus creating robot missions. Kitting orders and world model information
from the logistic planner are supplied to the mission planner, which checks if the
kitting order is in principle achievable (e.g., there are enough parts available) and
helps to identify the information the robot requires to complete the task. To do this,
the mission planner uses an automated AI planner called the Agent Decomposition
Planner (ADP) [6, 7] which works with a model of the robot’s capabilities (also
available from the logistic planner) and a problem description generated from the
specific kitting order information [7]. Once a mission assignment is complete, it is
communicated back to the logistic planner.

When the logistic planner receives a mission, it is communicated to the robot
which then passes it to its task planner. The task planner interprets the mission as
a request to construct a sequence of robot skills (a task) that achieves the mission’s

4 https://www.khronos.org/webgl/
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Fig. 7: Overview of the task planning process. A planning model is created in
PDDL from the robot skills, world model, and mission information. The
planning model is used by the planner to generate a task (a sequence of
skills) that, when executed by the robot, will complete a kitting order.

corresponding kitting order. The task planner has three main functions: 1) it creates
a planning model of the robot skills, current world model, and mission, 2) it calls an
external planner that uses the planning model to construct a sequence of skills for
the given mission, and 3) if successful, it returns the sequence of skills to SkiROS
for execution. The planning model is generated automatically from the robot world
model and skills definitions provided by SkiROS, and is represented in the Planning
Domain Definition Language (PDDL) [21]–the standard language of most modern
planners–which means the output is suitable for use with almost all recent planning
systems. The task planning process is illustrated in Fig. 7. An example of a skill
used by the task planner, written in PDDL, is given in Fig. 8. Fig. 9 shows the
output of the task planning process for a mission to collect two parts; the resulting
sequence of skills involves driving between locations (the drive skill), picking
objects (the pick skill), and placing them in the kitting box (the place skill).

One additional feature of the mission and task planning components is that they
can be used to automatically recover from errors, for instance by replanning skill
sequences that fail during execution. For example, consider the situation where the
logistic planner receives a kitting order that involves picking a particular object.
The logistic planner sends a request to the mission planner to check if this mission
is possible. The mission planner checks a) that the object is available in the ware-
house, b) where the pallet, container, or shelf that held the object is located, and c)
if a robot could reach that location. However, the mission planner generally does
not know where the objects are exactly located on the pallet or shelf, or whether
the path to the object is blocked. These details are instead discovered by the robot
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(:action drive
:parameters

(?finalLoc - Location
?preLoc - Location)

:preconds
(and (can_drive ?preLoc ?finalLoc)

(RobotAtLocation ?preLoc))
:effects

(and (not (RobotAtLocation ?preLoc))
(RobotAtLocation ?finalLoc)))

Fig. 8: The drive skill used by the task planner, modelled in PDDL.

drive loc-1 lbox-10
pick lbox-10 gripper-6 t_shield
drive lbox-10 lbox-9
place grip-6 t_shield celld-19 kit-15
pick lbox-9 gripper-6 starter
place grip-6 starter cellb-17 kit-15

Fig. 9: A sequence of skills constructed by the task planner in simulation.

itself with the help of its skills, sensory devices, and task planner. When the robot
receives the mission, the task planner constructs a sequence of skills (e.g., involv-
ing drive and pick as in Fig. 9). However, if during the execution of a drive
skill the robot detects with its laser scans that the planned path is blocked, a failure
message would be sent to the task planner which will attempt to find an alternative
route by replanning. While this example is quite trivial, in the case of a more com-
plex kitting order, the task planner could be directed to identify the most efficient
route to pick all objects, responding to unexpected situations on the fly.

The mission and task planning systems have also been tested in simulation for
a fleet of robots, where robots with potentially different capabilities (i.e., different
skills) can each carry out multiple kitting orders [7].

4 Experiment Preparations

4.1 Description of the Test Sprint Environment

In order to enable realistic experimentation of the STAMINA robot, a replica of
a small 1,200 m2 logistics kitting zone was created at PSA with containers and
shelves for testing the STAMINA robot and its supporting system. Fig. 10, shows
four aisles with a number of pallets and shelves (left) and a photo of the real kitting
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area with safety fences (right). Fig. 11 shows an RViz image of the robot in the
kitting area (top) and an example of the shelves with larger boxes holding engine
pipes (bottom).

610917 – STAMINA                                                                                                                                                                          Dissemination level: PU 
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Figure 1 shows the layout of the kitting supermaket for the third test sprint. 

 

 

 
Figure 2 shows the STAMINA robot at PSA… 
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Figure 1 shows the layout of the kitting supermaket for the third test sprint. 

 

 

 
Figure 2 shows the STAMINA robot at PSA… 

Fig. 10: Layout of the kitting supermarket (top) and a photo of the real kitting area
with safety fences (bottom).
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Figure 3 ... and its RViz virtual model for simulation 

 

Fig. 11: RViz virtual simulation of the robot and parts of the kitting area (top), and
example shelves with boxes holding engine pipes (bottom).
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Fig. 12: Selected parts for kitting in their final engine configuration.

The testing area also included a selection of engine kit parts: starters (St), alter-
nators (A), air conditioning compressors (C), engine pipes (P), thermal shields (T),
and engine supports (Su). These parts are shown in Fig. 12 in their final assembly
configuration. Furthermore, multiple types of starters, alternators, and compressors
were also available and treated as distinct parts, with different visual appearances
and different locations in the kitting area. This variability enabled a variety of
engine kits and kitting orders to be tested.

4.2 Storyboards used during the Test Sprint

To support realistic testing, a set of storyboards was developed and used to guide
the experimental sessions. The storyboards described realistic situations on the
shop floor that were identified through a discussion process during several meetings
with PSA staff:

Test 1: Setup of the logistic world model using the HMI

This test involved initializing the logistic world model using the logistic
planner’s human-machine interface, and was carried out by kitting techni-
cians from PSA. The testing process involved configuring the kitting zone
by specifying the locations of physical objects (e.g., shelves, small and large
boxes, and parts):
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(a) A 2D occupancy grid map created by SLAM is retrieved from the
robot.

(b) The kitting technician populates the map with representations of the
containers in the area: shelves, small and large boxes.

(c) The kitting technician specifies which type of parts are contained in
which containers.

Test 2: Normal operation of the STAMINA robot
This task tested the normal (ideal) day-to-day operation of the STAMINA
robot in the shop floor environment:

(a) The robot receives a kitting order from the logistic planner.

(b) The robot generates a task and begins to collect the requested parts. The
entire process runs smoothly: picking, placing and drive skills work
as expected and preconditions and postconditions of the skills catch
potential errors. In the case of such errors, the task planner is able to
replan to complete the task.

(c) At the end, the robot delivers a correctly filled kitting box to a pre-
defined location.

Test 3: Startup and shutdown of the STAMINA system
This task tested the startup and shutdown procedures of the STAMINA robot:

(a) At the start of its shift, the robot connects itself to the logistic planner
and begins its normal operation.

(b) At the end of the shift, the robot drives to its parking location.

Test 4: Installation of a new robot into the existing STAMINA system
This task tested the process for connecting new robots to an operational
STAMINA system:

(a) After switching on a new robot, the robot automatically identifies itself
to the STAMINA system.

(b) The STAMINA system then automatically includes the robot in future
tasks. Human intervention should ideally be unnecessary on the robot
system.

Test 5: Typical operation with autonomous error handling
This task tested a number of typical operational scenarios where the robot
can detect and automatically handle errors through task replanning:
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5.1 Object A is on two different pallets. Pallet 1 is empty. The robot up-
dates the world model, requests filling of Pallet 1, replans and uses
Pallet 2. Next kitting task excludes Pallet 1 until Pallet 1 is refilled and
the world model is updated accordingly.

5.2 Object A is on two different pallets. Pallet 1 mistakenly holds Object B.
The robot requests attention, replans and uses Pallet 2.

5.3 Object A is on three different pallets. Pallet 1 mistakenly holds Ob-
ject B. The robot requests attention, replans and uses Pallet 2. Pallet 2
is empty. The robot replans to use Pallet 3.

Test 6: Typical operation and error handling with human assistance

This task tested a typical operational scenario where the robot can detect an
error but cannot handle it autonomously (human intervention is required):

Object A is on two different pallets. Pallet 1 mistakenly holds Object B.
The robot replans to use Pallet 2, but Pallet 2 turns out to be empty. The
robot calls for human assistance.

As part of the validation process for Tests 2–6, a series of metrics was identified
and data was collected to help evaluate the testing results in each case. In particular,
the following information was recorded for each kitting order:

• the number of parts n in the kitting order (where, typically, 1 ≤ n ≤ 6),

• the number of successfully executed kitting orders,

• the number of Technician Assistance (TA) requests when the system detected
a problem it could not solve on its own,

• the average execution time per n-part kitting order.

The following measures were also recorded for each skill and skill primitive:

• the number of attempts to execute the skill/skill primitive,

• the number of successful executions: in the case of skills, satisfied postcon-
ditions implied a successful skill execution,

• the number of failures: in the case of skills, a failure is either due to unsatis-
fied preconditions or postconditions,

• the average execution time of each skill and skill primitive.
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The goal of Tests 1–4 was to verify and validate the basic functionalities of the
STAMINA robot that were found to be important to PSA engineers. The goal of
Tests 5–6 was to stress test the system against typical unexpected events. While it
is difficult to predict the unexpected [20], PSA engineers shared their experiences
to help define these storyboards and produce realistic “unexpected” situations to
test. It should also be noted that the behavior of the robot in these unexpected
situations was not hard-coded into the system, but handled by the planner on the
fly. Furthermore, Tests 5–6 were defined by PSA exclusively for the experiment
sessions reported in this paper in order to minimize the possibility of the system
having prior knowledge of these unexpected situations. In fact, the SkiROS and
STAMINA systems were designed prior to these storyboard definitions, and during
earlier experimentation the system was only tested against the Test 2 storyboard.

5 Experimental Results

During testing, 57 kitting orders were executed with varying numbers of parts.
Based on these kitting orders, the task planner generated 57 tasks, referred to as kit-
ting tasks, which resulted in the execution of 608 skills and 1,754 skill primitives on
the robot. The performance and debugging statistics of all kitting tasks, skills and
skill primitives were automatically recorded on the robot and stored for subsequent
evaluation. All kitting tasks were executed using the available parts, including two
types of starters, alternators, and air conditioning compressors. Starters, alternators
and compressors come well-ordered on pallets. The engine supports were placed
in Styrofoam fixtures in a box to assure that they have suitable poses for being
grasped. The engine pipes were randomly stored in a box. All pallets and boxes
had their own locations in the kitting area. The boxes with the engine pipes and the
engine supports were stored on the lower level of the racks (see Fig. 11).

5.1 Setup of the Logistic World Model using the HMI

For the robot to perform kitting operations in the kitting zone, a model describing
the structure, location and containment relationships of the physical objects must
initially be built by a kitting technician using the logistic planner’s HMI. The as-
sessment scenario in Test 1 targeted the usability and utility of the logistic planner
in order to reduce the technician’s training phase, to ensure the acceptability of
future users, and to minimize the chance of inserting erroneous information to re-
duce the need of subsequent corrections. This was achieved in accordance with
Nielsen’s acceptability model [23] which divides system acceptability into two ini-
tial dimensions of social and practical acceptability. The practical acceptability
dimension was selected, with a focus on usefulness in terms of utility (i.e., does
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The sizes for the shelves are given in cm, and all shelves and boxes have unique identifiers (T1-T4, 
M1-M5, B1-B4). This graphic was provided to the volunteers. 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
 
 

3.3 Executed tasks with Logistic Planner 
In the present study, we are focusing on task 2 from Table 1 to find out how easy it is to use the 
Logistic Planner to create a new kitting zone (see Figure 6). Each participant is requested to set the 
map and to create a new implantation that results in a 3D world model of the kitting zone (see 
Figure 6) and the right correspondences between boxes and parts (see Table 2). This results into the 
following implantation work-flow: 

1. Setup the map 
2. Set the containers on the map (see Fejl! Henvisningskilde ikke fundet.) and  
3. Associate the parts to containers (see Table 2) 
4. Check the 3D world model generated for the robot (see Figure 6) 

 
 

Reference of large box Associated parts 
M1 Starter V7645594800 
B1 Air Conditioning 967 80389 
B2 Starter 98016677 
B3 Alternator V757695 
B4 Starter 965456 

Table 2 shows the associations between each large box (left column) and the parts it is holding (right column). 

 

Figure 5 shows a representation (sketch) of the test area to be implanted with shelves and large 
boxes. The sizes for the shelves are given in cm, all shelves and boxes have unique identifiers (T1-

T4, M1-M5, B1-B4). This graphic was also provided to the volunteers. 

 

Fig. 13: Sketch of the kitting area (T means Top area, M means Middle area and
B means Bottom area).

the system meet an actual need and what kind of benefit does the system provide
to the worker?) and usability (i.e., how easy is the system to learn, to use, to re-
member, etc.).

Six volunteers from PSA participated in the HMI user testing: two kitting tech-
nicians and four kitting monitors.5 Users were seated in front of the kitting area so
they could look at the physical area, and they were provided with a sketch of its
contents in terms of containers and parts (see Fig. 13). Each user session started
with a 10 min introduction where the goals of the project and the assessment pro-
cess were presented, followed by a brief look into the kiting area and a very brief in-
troduction to the HMI. Then, each volunteer was given 30-45 min to work through
a 4-step workflow which involved: 1) preparing the map, 2) placing the containers
in the map, 3) associating parts to containers, and 3) checking the consistency of
the world model. The volunteers were requested to complete the tasks on their own
without any help. The instructor only intervened and provided support when major
difficulties prevented a user from progressing in the task.

In the first step (preparing the map), the volunteers were informed that the
robot’s laser scanners were roughly 10 cm above the ground, that obstacles one
meter above the ground could not be sensed, and that the robot’s laser scanners

5 Kitting operators execute kitting orders, while kitting monitors help, support and monitor up to
five kitting operators to assure smooth kitting operations. STAMINA aims to automate the job of the
kitting operator.



5 Experimental Results 21

Fig. 14: Occupancy grid map of the kitting area.

created 2D measurements on a plane (see Fig. 14). Furthermore, the volunteers
were provided with a paper sketch of the kitting area (see Fig. 13). By looking
at the laser scan-based map on the HMI (see Fig. 14), the participants had to rec-
ognize and identify the different containers (shelves and large boxes) present in
the kitting area as shown in the paper sketch. Only one participant succeeded in
identifying the large boxes, and no participant was able to recognize the shelves.
In addition, no participant detected that the image was not in the correct orienta-
tion. The instructor had to inform all participants that a 180◦ rotation was needed
to align the image with the viewing direction of the participant, and the procedure
needed to perform the rotation on the HMI had to be demonstrated.

The main conclusion is that data from the laser range scanners is too abstract
for the shop floor workers without training. Despite being metrically and geomet-
rically correct, the 2D occupancy grid map cannot easily be improved without the
interaction of experts. To the knowledge of the authors, there are no ongoing at-
tempts to automatically add semantic knowledge to the grid map that could aid
the worker. One solution might be to supply dedicated training or to minimize
the problem by adding opaque elements to the shelves so that its representation
in the map is more visible. Furthermore, rotations of the map should be avoided
as this type of operation is not easily seen in the 3D space by shop floor workers.
However, as the container boxes are aligned in rows and have the same orienta-
tion, the scanning of the area by the robot can be made in such a way that complex
orientations (greater than 45 degrees) are avoided.

Minor inefficiencies and absence of information in the HMI were detected on
the following two steps of the work flow: setting the containers in the map and
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associating parts to containers. Subsequent development on the HMI resolved all
these issues. One such inefficiency was when the kitting technician implanted
an object into the map, he/she originally needed to manually update the 2D view
which turned out to be inefficient. This inefficiency was improved by automating
this update. Another example of how efficiency was improved was to allow the kit-
ting technician to associate labels to abstract specification numbers of objects when
populating the map, thereby making it easier for the kitting technician to remember
the object specifier when consequently associating the parts to containers.

The last task was to compare and verify the 3D model with the real kitting area.
This was accomplished by looking at a 3D visualization of the logistic model in
the HMI (see Fig. 15, bottom). This was observed to be intuitive as the users were
easily able to interact with the 3D image by enlarging and reducing the image, to
visually recognize the different containers, drive around them, etc.

During the final interview, some of the participants revealed that being able to
monitor the kitting robot in real time by animating the robot in the 3D visualization
of the logistic model is neither realistic nor needed, and that they only required
alerts if the robot faced problems. As a result, the most effective use of the 3D
logistic model visualization could be seen as its ability to check the adequacy of
the model.

5.2 Baseline Kitting Orders

While Sect.5.1 focused on evaluating the human machine interface using Test 1,
the following tests instead focused on evaluating the STAMINA robot and the com-
plete STAMINA system.

To test the STAMINA system, a performance baseline was generated which
marked the system performance under ideal shop floor conditions. Here, SkiROS,
the task and mission planners, and the logistic world model were tested, while
sensing and actuation within the skills was not particularly challenged. For this
baseline, the Test 2 storyboard was used: the MES requested kits with 1-6 parts.
The engineers ensured perfect conditions for the robot: no obstacles were in the
way, all data in the logistic world model was correct, parts were all available in the
right pallets and boxes in the warehouse. For each kit, the parts were randomly
selected from a set of parts that were known to be graspable by the robot with high
reliability: (a) starter engine A, (b) starter engine B, (c) alternator A, (d) alternator
B, and (e) air conditioning compressor. Test 2 was repeated 30 times under ideal
conditions and data was collected from each trial. The results are summarized
in Table 1. The robot completed its kitting task and successfully delivered the
complete and correctly assembled kitting box. The column Trials w/o replanning
shows the trials where replanning was not needed because everything worked as
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Fig. 15: Setup of the logistic world model (accessible on a web browser): 2D
occupancy grid map populated with shelves and large boxes (top), and
the corresponding 3D visualization (bottom).

planned. The column Time w/o replanning shows the average time in seconds,
± σ, with σ being the standard deviation of the execution speed of the trials. The
column Trials Overall shows the complete number of trials. These results show that
even under optimal conditions, replanning was necessary for a number of reasons:

• Robot was too far away from the goal: The robot recovered from this prob-
lem by initiating another attempt to get closer to the goal.

• No arm trajectory was found: Finding a robot arm trajectory for picking was
a subroutine (skill primitive, see below) of the picking skill. This problem
was solved by simply restarting the picking skill, thereby taking a new image
with the overview and wrist cameras.

The robot was allowed to retry a skill up to 3 times. In all cases where replanning
was needed, the robot succeed on the first or second retry.



5 Experimental Results 24

Tab. 1: Summary of the baseline tests results. The table shows that in many cases,
re-planning was necessary to complete the task.

Kitting Task Trials overall Trials w/o 
replanning

Time w/o 
replanning Overall time

5 parts 4 3 801s ± 51 856s ± 105
4 parts 6 3 638s ± 6 723s ± 96
3 parts 3 2 518s ± 6 593s ± 106
2 parts 3 2 316s ± 13 325s ± 16
1 part 14 10 190s ± 27 234s ± 105

Baseline5.3 Startup, Shutdown, and New Robot Installation

The ability to easily startup/shutdown the system and install new robots were ex-
plicitly identified as important requirements from the end-user perspective. The
STAMINA system was designed to conform to these requirements, and thus Test 3
and Test 4 can be viewed as simple function tests of these capabilities. In particular,
Test 3(a) and Test 4 simply confirmed the correct operation of the logistic planner
to register robots on the STAMINA system, as discussed in Sect. 5.1.

Test 3(b) tested the parking ability of the STAMINA robot, as part of the shut-
down process. Table 2 summarizes the results these experiments which were re-
peated ten times, with eight successes and two driving failures with the robot being
more than 10 cm away from the correct parking location. The parking experiment
also mimics parking for automatic charging.

Tab. 2: Summary of the parking test results. In the 2 part case, the robot was more
than 10cm away from its designated parking location.

Kitting Task Attempts Success TA requested Averate time 
(slow)

Success 
Rate

Parking 10 8 0 29s 80 %

Parking

5.4 Complex Kitting Tasks

In this section, more complex kitting tasks are considered which are systematically
tested using the four storyboards in Test 5 and Test 6.
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Test 5.1

Scenario: Object A is on two different pallets. Pallet 1 is empty. Robot updates the
world model, requests filling of Pallet 1, replans and uses Pallet 2. During the next
kitting task, Pallet 1 is not used.

For this experiment, the scenario and the world model needed to be prepared ac-
cordingly, and the necessary updates to the world model were completed within
5 min via the logistic planner user interface. The robot was immediately able to
execute this kitting task successfully. Upon detecting the lack of parts on Pallet 1,
the robot informed the kitting technician (Alert: Pallet with ID <> empty) via the
supervisory display of the logistic planner and replanned to fetch the part from
Pallet 2. When a new kitting order was generated, the task planner on the robot
immediately took into consideration the fact that Pallet 1 was empty. To repeat the
trials, the world model had to be appropriately reset. The results are summarized
in Table 3: Each row shows two attempts. On the first trial, the robot was unaware
of the lack of parts, which generated the TA request. On the subsequent trial, the
robot planned accordingly so that no additional TA request was issued.

Tab. 3: Summary of the Test 5.1 results. The robot alerted the kitting technician
twice, i.e., the first time, the robot detected that an object was missing.
Once the world model was updated, the robot directly drove to the pallet
with the available part so that no additional TA request was issued.

Kitting Task Attempts Success TA requested Averate time 
(slow)

Success 
Rate

5 parts 2 2 1 928s 100 %
4 parts 2 2 1 723 s 100 %

T5.1
Test 5.2

Scenario: Object A is on two different pallets. Pallet 1 by mistake holds Object B.
Robot requests attention, replans and uses Pallet 2.

This test was also correctly executed by the robot: upon detecting a wrong part
on Pallet 1, the robot sends a message to the kitting technician (Alert: Wrong
part on pallet with ID <>?) and continues with replanning its kitting task. As
in Test 5.1, the scenario was prepared and the world model was set up using the
logistic planner’s user interface. The results are summarized in Table 4: As before,
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the robot only issued the TA request the first time it discovered the error and then
planned the subsequent kitting order accordingly.

Tab. 4: Summary of the Test 5.2 results. The robot alerted the kitting technician
twice, i.e., the first time, the robot detected that an object was wrong. Once
the world model was updated, the robot planned accordingly in the subse-
quent trial.

Kitting Task Attempts Success TA requested Averate time 
(slow)

Success 
Rate

5 parts 2 2 1 935s 100 %
4 parts 2 2 1 748 s 100 %

T5.2
Test 5.3

Scenario: Object A is on three different pallets. Pallet 1 by mistake holds Object B.
Robot requests attention, replans and uses Pallet 2. Pallet 2 is empty. Robot replans
to Pallet 3.

This test is a mixture of the previous two test, and demonstrates the power of using
a task planner and the skill-based approach. In particular, the robot is able to dy-
namically and automatically find a solution that is within the space of possible skill
sequences. The situation in this storyboard easily occurs when a kitting technician
inserts faulty data into the logistic world model. This storyboard shows that the
robot is to some extent robust with respect to errors in the logistic world model.

The results are summarized in Table 5. It is interesting to compare the timings
of Table 3 with those of Table 1: due to the required replanning, the execution of a
kitting order takes considerably longer. Because the robot discovered two errors, it
also issued two TA requests. The second 4 part mission also failed during this test.

Tab. 5: Summary of the Test 5.3 results. The robot alerted the kitting technician
twice on each first time attempt. Once the world model was updated, the
robot directly drove to the pallet with the available part.

Kitting Task Attempts Success TA requested Averate time 
(slow)

Success 
Rate

5 parts 2 2 2 1415 s 100 %
4 parts 2 1 2 599 s 50 %

T5.3
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Test 6

Scenario: Object A is on two different pallets. Pallet 1 by mistake holds Object B.
Robot replans to use Pallet 2, but Pallet 2 turns out to be empty. Robot calls for
human assistance.

This test case is similar to the previous ones with the main difference being that
the robot in this case is unable to complete its kitting order: the robot first detects
the wrong part and sends an alert to the kitting technician. It then replans to pick
from Pallet 2 which it finds empty. After again sending an alert to the technician
about Pallet 2 being empty it attempts to replan. The replanning fails because there
is no other pallet that could provide the required part. The robot therefore aborts
the kitting task with a request to the kitting technician for assistance (Technician
Assistance needed: No plan to complete the kitting order). In the 4 part kitting
order, the failure happened with the first object; in the 5 part kitting order, the
failure happened with the second object. The results are summarized in Table 6.

It is interesting to mention that all the task planner can do is attempt to find
a plan. If a plan is available, it is usually found within 1 s. A 2 s threshold was
therefore set after which the planner reports “no plan found” and aborts planning.
The reason for this is that the planner is unable to assess why a plan was not found,
i.e., all it can do is to give a binary plan/no-plan answer.

Tab. 6: Summary of the Test 6 results. The robot failed in all cases because one of
the required parts was not available. For the 4 part kitting order, the first
part was missing; for the 5 part kitting order, the second part was missing.

Kitting Task Attempts Success TA requested Averate time 
(slow)

Success 
Rate

5 parts 3 0 3 371 s 0 %
4 parts 2 0 2 192 s 0 %

T6
5.5 Discussion of the Test Results

During the baseline tests, it became apparent that in all experiments, the picking
skill worked very reliably for de-palletizing compressors, alternators and starter
engines. Picking the engine pipes proved to be more challenging as they are non-
rigid and needed to be picked from a bin where the pipes easily intertangled. The
engine supports were stored in a small load carrier (SLC), and picking became very
challenging due to the confined space.
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Contrary to many earlier test sprints, no situation was observed in the final
experiments where the system was not in a well-defined system state. Here, a
system state was considered to be not well-defined if (a) the world model of the
robot deviated from physical reality, and (b) the robot was not able to detect this
deviation. This happened easily when the robot mixed up two parts, or when a
picked object slipped out of the gripper without the robot realizing it. In both
cases, the robot should have called the kitting technician for assistance. But in-
stead, the robot was not able to identify these situations and delivered kitting boxes
with wrong or missing parts, and then reported the kitting task as successfully com-
pleted. The first situation was solved by improving the computer vision approaches
in the locate skill primitive (see below) [9]. The latter situations were prevented
by adding one additional but apparently important sensing mechanism: binary pre-
and post-condition checks for “object in gripper” for the pick and the place skills
(the gripper oc skill primitive, see below). Based on these additional sens-
ing capabilities, the robot was able to identify situations where kitting technician
assistance was needed.

Table 7 summarizes the results of these experiments: the robot successfully
called the technician 13 out of 15 times. The two cases where the robot did not
inform the technician were when the robot failed to identify that its parking location
was incorrect. Extensive additional testing for detecting TA situations was done
and clearly confirmed that the only difficult situation in the end remained detecting
the imprecise parking location.

Tab. 7: Summary of the TA request statistics. Out of 15 TA requests the robot
should have made, it only made 13 TA requests. It failed to identify two
wrong parking locations which should have led to two more TA requests.

Kitting Tasks Should have 
requested

Correctly 
requested

False 
positives

False 
negatives

Success 
Rate

TA requests 15 13 0 2 87 %

OA_requests

For the above experiments, a conservative threshold was used and parameter
settings for all skills were chosen to ensure the highest possible reliability. E.g.,
high-resolution images were used for computing object poses and more time was
spent in finding good arm trajectories. However, these settings also resulted in
slower execution times. Table 8 summarizes the Test 2 experiments with parameter
settings for improved speed: camera images were subsampled by a factor of two
before processing, and for computing the best arm trajectory, the number of trials
for computing inverse kinematics solutions was reduced from 128 to only 32.



5 Experimental Results 29

Optimizing the balance between parameter settings and execution speed is one
possibility for improving skill execution. Even though the reliability of the skills
has not been systematically explored with respect to different parameter settings,
it became apparent that the impact of these parameter settings on the final skill
execution speed was limited. A big reason for the slow execution speed was a)
the limited robot speed, and b) the lack of coordination of the processing steps
within each skill. Concerning a), the speed of the mobile platform and the arm had
to be limited for safety reasons. Here, new strategies and regulations need to be
developed to allow higher robot speeds without endangering human co-workers.
Concerning b), it needs to be explained that during the experiments all processing
steps, i.e., the execution of skill primitives inside the skills, were done strictly
sequentially. Here, there is a potential for improving skill speed. For instance,
one approach that has been outlined suggests using extended Behavior Trees to
optimize skill primitive selection inside the skill [33].

The success rates in Tables 3–6 were calculated based on the ratio between the
successful completion of kitting tasks versus the requested TAs, which is consistent
with how a human production manager would evaluate success. From a systems
engineering perspective, the SkiROS system behaved as expected throughout the
experiments, and an improvement in success rates would require improvements to
the individual robot skills.

Tab. 8: Average execution speed± σ of the kitting tasks using the Test 2 setup but
with improved parameters for faster execution speed.

Kitting Task Attempts Success TA requested Averate time 
(fast)

Success 
Rate

5 parts 3 3 0 641s±41 100 %
1 part 10 10 0 147s±18 100 %

T2_fast
5.6 Testing the Robot Skills

All kitting tasks from the previous section were executed using three different kinds
of skills: the drive skill, the place skill, and the pick skill. All skills were
extensively tested, either as part of the kitting tasks or manually. The performance
statistics of the skills were automatically recorded and evaluated. Table 9 provides
a summary of these statistics. The Attempts column shows the overall number of
executions per skill. The Post-conditions satisfied column refers to skills being
completed successfully with satisfied post-conditions. The Pre-/post- conditions
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not satisfied column counts how often pre- or post-conditions failed to be satisfied
in the tests.

When interpreting the results of Table 9, it is important to keep in mind that the
skills are executed based on a task planner that is planning and replanning kitting
tasks as required. This means that if the pre- or post-conditions of a skill are not
satisfied, the system replans. In most cases, this leads the robot to re-attempt skill
execution, either immediately or at a later time.

In terms of the kitting tasks summarized in Tables 1–6, the reported number
of skill executions does not correlate with the intuitively expected number of skill
executions. There are two main reasons for this. First, in the case of completed
kitting tasks, all skills eventually ended with “post-conditions satisfied”, even if
intermediate replanning (and therefore additional skill execution) was necessary.
Second, in cases where kitting tasks ended with “TA requested”, one skill either
ended repeatedly with “condition not satisfied”, or the planner was unable to find
any plan to complete the kitting task.

Tab. 9: Skill executions from experiments Test 2–Test 6.

Skill Attempts Post-conditions 
satisfied

pre-/post- conditions 
not satisfied  

Averate time 
(fast)

Success 
Rate

drive 216 181 35 20.69s (17.14s) 84 %
pick 236 154 82 110.43s (78.68s) 65 %

place 156 141 15 34.34s (28.59s) 90 %

skill_test
One could also ask how well the robot might have performed without the use

of a planner. Taking the “post-conditions satisfied” rate for each skill in Table 9
as its success probability, it is possible to compute the probability of successfully
executing an n-part kitting task for a predefined and fixed skill sequence:

P (successful n-part mission w/o planning)

= (P(drive) · P(pick) · P(place))n · P(drive). (1)

These probabilities are explicitly listed in Table 10 for different values of n.

5.7 Testing Skill Primitives

The results from testing individual skill primitives are shown in Table 11. Overall,
skill primitives were tested 1,754 times, with a breakdown of individual attempts
and successes for each skill primitive shown in the table. The Operation Fails
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Tab. 10: Theoretical success rates when a robot is unable to replan. Eq. (1) is
used to calculate the theoretical success rates for kitting tasks with vary-
ing numbers of parts, where skill sequences are assumed to be prepro-
grammed and fixed, with known success rates for each skill.

Kitting Task Theoretical Success Rate
6 parts 1 %
5 parts 3 %
4 parts 5 %
3 parts 10 %
2 parts 20 %
1 part 41 %

theoreticalRate(OF) column indicates a number of particular failures for the individual skill prim-
itives. For instance, the locate skill primitive is used for locating an object on
a pallet, bin, or SLC, as a prerequisite for picking. An OF for this skill primitive
indicates a failure in localizing the object, meaning the pick skill also fails with a
pre-condition failure. The skill primitive arm motion computes a suitable arm
trajectory for picking or placing an object. An OF for this primitive indicates the
number of cases where the skill primitive failed to compute a trajectory, leading
to pre-condition failures for the picking and placing skills. The skill primitive
kittingbox registration computes the exact location of the kitting box
on the robot. An OF occurs when the primitive fails to compute the pose of the
kitting box with low uncertainty, which can lead to a pre-condition failure for the
placing skill. The ff planner primitive is executed each time a task plan is re-
quired, and it successfully delivered a plan in 91% of the cases. However, in 21
cases ff planner could not find a plan. These failures were counted as OFs.
Each failure case was also cross-checked by a human expert who could not find a
plan either. (E.g., in Test 6, there was in fact no plan and the robot correctly called
for technician assistance.) Finally, the skill primitive gripper oc is used to de-
tect if an object is present in the gripper, which is a pre-condition for the pick and
place skills. An OF for this primitive indicates a failure in the detection process.
This skill primitive proved to be essential for checking the post-conditions of the
pick and place skills, and the overall capability of the system to perform its kitting
tasks.

For all skill primitives, OFs appear to be due to shortcomings of the skill primi-
tives. While all skill primitives worked with very high reliability inside the research
labs, the shortcomings only became apparent during testing in the real-world envi-
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Tab. 11: Summary of the performance of individual skill primitives. The average
time provides execution times for both slow and fast executions.

Skill Primitive Attempts Success Operation 
failed

Averate time 
(fast)

Success 
Rate

locate 214 208 6 3.41s (3.26s) 97 %
arm_motion 650 639 11 11.95s (10.53s) 98 %
kittingbox_ 
registration 237 223 9 6.15s (4.20s) 94 %

gripper_oc 309 309 0 2.20s(2.07s) 100 %
ff_planner 244 223 21 5.72 91 %

skill_primitive_test
ronment. One factor which may have contributed to the limitations of the picking
skill in particular is that it was developed at a different place—a university robotics
lab—with slightly different hardware: a smaller stationary collaborative manipula-
tor. While picking worked well in the lab setting, it turned out to be challenging to
transfer this skill to the mobile STAMINA robot with a larger manipulator in the
evaluation setup. Hidden assumptions had possibly been made in the lab setting,
which might have been violated in the evaluation setup. Furthermore, different
environmental conditions, such as direct sunlight, and different calibration proce-
dures were also limiting factors for performance. However, in hindsight, it is clear
that these shortcomings could only have been discovered during experiments in the
real production environment. Another complicating factor was that time for phys-
ical presence in the production environment was limited and remote setup support
turned out to be challenging. As a result, three valuable lessons were learned from
these experiences: 1) to work with the real evaluation platform as early as possible,
2) to involve evaluation engineers in the development of the testing environment,
and 3) to test methods in a variety of setups to ensure their robustness to changes,
and to limit the chance of hidden assumptions.

6 Discussion and Conclusions

In this paper and in previous work [18], the STAMINA project presented the results
of using a mobile autonomous robot for a kitting task at the car manufacturer PSA
Peugeot Citroën. Throughout this work, the project’s goals were to

1. push the technology and scientific expertise further in the direction of the
use-case,
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2. identify problems and challenges that could not have been identified without
actually approaching and attempting to solve the use-case,

3. quantify what works and how well it works,

4. identify what does not work and attempt to explain why,

5. outline next steps to overcome the identified problems, and

6. provide a baseline for performance comparison with future systems.

The hardware and software for the robot was already conceptualized in 2014,
based on experiences from earlier projects. However, a considerable amount of
development happened during later test sprints in experimental areas at PSA where
the approach was validated against real needs. This led to numerous new in-
sights and scientific challenges. The experimental results obtained from using the
STAMINA robot system in the use-case of the final test sprint were presented here,
and the scientific insights and advances were summarized in multiple papers.

While more robots would be needed in order to reach PSA’s official cycle time
of (approximately) 60 sec, the experiments nevertheless demonstrate the success-
ful operation of such a robot in its proper environment: the robot was completely
integrated with the manufacturing execution system (MES), it was able to plan and
execute its tasks, the logistic planner held all relevant information for task planning
and execution, and the system was able to manage and recover from various unex-
pected errors. Overall, the system was able to fetch the right parts at the right time
from the warehouse and deliver them to the necessary exit point. It is easy to imag-
ine a mobile robot with a smaller mobile base fetching and handing tools and parts
to the line workers. However, running the robot in a real environment also made
its shortcomings apparent, and identified problems that were not evident from the
start: the variety of different parts in the warehouse is very large, and all known
robot grippers are limited to only a very small subset of objects and object proper-
ties (e.g., fragile, shiny, transparent, unbalanced, heavy, etc.). In fact, it is tempting
to conclude that one of the present weaknesses in such a robotic kitting system is
the lack of a sufficiently versatile gripper. In practice, one potential solution would
be to use a set of grippers with a tool changer.

Another challenge that is also related to the grippers is how the parts are packed
(see Fig. 16). Typical packaging material includes plastic wraps, cardboard sepa-
rators, bulk storage, stacking, etc. Packaging material needs to be removed, some
objects come in plastic bags, some are packed tightly in Styrofoam, etc. Finally,
task constraints (e.g., limitations on allowable grasps, likely part entanglements,
placing constants, etc.) can further complicate the picking, as depicted in Fig. 17.
One cornerstone of this project was the safety of the system on the shop floor. As
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Fig. 16: Picking challenges due to part packaging (from top left to bottom right):

empty boxes need to be removed; cardboard dividers need to be removed;
white parts in see-through plastic bags; plastic covers; another example of
cardboard separators; rightly stacked heat shields; decorative parts packed
in Styrofoam; wheel caps in plastic bags.

the system was supposed to work in the vicinity of humans without fences being
required, current regulations require strict limits on the speed of the mobile plat-
form and the manipulator. An initial idea was to use the laser-range scanners of
the mobile platform to identify if a human was in the direct vicinity and then to
adapt the robot arm speed accordingly. However, it turned out that the stability of
some of the grasps of the robot gripper was critical due to hardware limits: through
the experiments it became apparent that the 3 finger Robotiq gripper was too small
for some of the large parts, and many of the parts from the kit in Fig. 12 could
barely be picked. Furthermore, most of these parts were also very heavy, and the
high forces under fast arm movements can easily break the fingers of the robot’s
gripper. In that sense, as already outlined above, choosing a suitable gripper is
presently a great challenge. Since it was not possible to ensure the absence of hu-
mans in the potential ballistic direction, the arm speed had to be limited. However,
limiting the robot’s speed also resulted in a large cycle time meaning that a large
number of robots would be required in order to reach the PSA’s cycle time of ap-
proximately 60 sec per kitting box. Possibilities worth exploring are to make the
arm movements dependent on the object weight or to possibly use a force-torque
sensor in the wrist to control the maximum forces in the gripper to prevent un-
controlled loss of the object in the gripper. For future installations at PSA, safety
requirements need to be further explored based on new upcoming regulations and
new and upcoming robotic hardware.

In this work, all robot control was based on the skills and a planner that auto-
matically selected these skills based on a world model. After the tests summarized
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3 Use-case: description and specifications 

3.1 Scenario  

In accordance with the arguments highlighted in Section 2, the use-case selected by PSA for 
STAMINA illustrates the use of a mobile manipulator in a logistics supermarket performing 
kitting/sequencing tasks with the goal of feeding a production line. 

The operating diagram with the macro-functionalities required can be summarized as follows: 

 

 

3.2 Methodology for selecting the use-case parts 

Among the thousand parts that constitute a car, there are unlimited possibilities for selecting the 
ones that will be proposed to the project partners for robotics kitting and sequencing. It is therefore 
crucial to select a representative use-case with various realistic parts that will demonstrate the 
universality of STAMINA approach. 

The selection of parts as a study case for STAMINA is based on factory observation of the various 
parts that are handled in the Logistics and Assembly workshop at PSA. We have conducted a 
complete survey of the cross-dock and supermarket organization and classified the parts to be 
manipulated (for kitting or sequencing purposes) according to 3 criteria: 

- Part properties (fragile, shiny, transparent, unbalanced...) 

- Packaging properties (plastic wraps, cardboard separator, bulk storage, stacking...) 

- Task constraints (authorized grasps, part entanglement, placing constraints...) 

It is important to be aware that those 3 criteria will influence the 
choice of hardware (robot, gripper, vision) and grasping techniques 
to be developed. 

 

 

610917 – STAMINA                                                                                ____________________________________________    Dissemination level: PU 

 

 

Page 18 of 36 

- Special caution: 

Sensitive and fragile zones of the alternator concern the axle and plastic connectors. These are 
forbidden grasping areas. Instead, alternators should preferably be handled by the metal casing 
(see picture below) without colliding with the environment. 

    
Another important aspect relates to the electrostatic properties of the part: no magnet-type gripper 
should be used. 

 

 

3.4.5 Part 5: Starter (St)  

- Part characteristics:  

Starters are lighter than alternators but illustrate similar constraints (fragile 
multi-material parts). They come into 6 variants. 

Part 
designation PSA Reference Box type Part weight (kg) Units/pallet Average daily 

consumption 

St1 9654595680 00081 4,09 4 layers of 21 185 
St2 9646694080 00081 3,69 4 layers of 24 39 
St3 9647157980 00081 4,02 4 layers of 21 165 
St4 9670983080 CAF75 3,25 5 layers of 30 270 
St5 9664016880 CCF60 3,13 4 layers of 35 224 
St6 V764559080 CCF60 2,8 4 layers of 42 68 

 

- Packaging: 

Box type: 00081 with no separators (see description above in 3.4.4) 

       

Fig. 17: The Fig. summarizes the various picking criteria that influence the choice
of hardware (robot, gripper, vision) and the grasping technique (left), and
shows as an example that the alternator should not be picked by its rotor
axis (right), as shown in the SOP of the kitting technician.

above, choosing a suitable gripper is presently a great challenge. Since we were
not able to ensure the absence of humans in the potential ballistic direction, the
arm speed had to be limited. However, limiting the robot’s speed results in a cycle
time that was considerably lower than the one required by PSA of approximately
60 sec per kitting box. Possibilities that were not investigated were to make the
arm movement dependent on the object weight or to possibly use a force-torque
sensor in the wrist to control the maximum forces in the gripper.

In this work, all robot control was based on the skills and a planner that auto-
matically selected these skills based on a world model. After the tests that were
summarized above, we have demonstrated the STAMINA system with similar per-
formance in various other environments (e.g. during the project review meeting).
The setup of the system was always the same: Once the logistic world model
was “programmed”, the system worked directly, and no changes to the software
of the STAMINA system were required. Furthermore, the high-level robot control
with SkiROS was tested on multiple mobile manipulators with different hardware.
While the hardware variability was handled on the skill primitive level through
ROS, the high-level robot control, the task planning and the vertical embedding of
the robot into the MES worked directly out of the box.

The recent 2018 ARIAC competition [26] organized by NIST reflects the present
interest in high-level planning for automated kitting. We participated, and our ap-
proach racked third [26]. In terms of effort, it took us three days to pass the quali-
fication threshold using exactly the approach described here. During the competi-
tion it became apparent that our scenario differed from the one in the ARIAC 2018
competition: In our scenario, kitting orders were never called back or changed and
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- Packaging: 
Box type: 00081 with no separators (see description above in 3.4.4) 

       

Fig. 17: Example of the various picking criteria that influence the choice of hard-
ware (robot, gripper, vision) and grasping technique (left): the alternator
should not be picked by its rotor axis (right), as shown in the SOP of the
kitting technician.

above, a STAMINA system with similar capabilities was also demonstrated in var-
ious other environments (e.g., in a different factory environment). The setup of the
system was always the same: once the logistic world model was “programmed”,
the system worked directly, and no changes to the software of the STAMINA sys-
tem were required. Furthermore, SkiROS-based high-level robot control was tested
on multiple mobile manipulators with different hardware. While hardware variabil-
ity was handled on the skill primitive level through ROS, high-level robot control,
task planning, and vertical embedding of the robot into the MES worked directly
out of the box.

The recent 2018 ARIAC competition [25] organized by NIST reflects the present
interest in high-level planning for automated kitting. Members of the STAMINA
team participated in the competition with the STAMINA approach ranking third
[25]. In terms of effort, it took three days to pass the qualification threshold using
the same approach described here. During the competition it became apparent that
the STAMINA scenario differed from the one in the ARIAC 2018 competition: in
STAMINA, kitting orders were never called back or changed, and never put on
hold in favor of higher-priority kitting orders. In the ARIAC competition, these
were normal situations. To handle these situations, the STAMINA approach was
extended to include predefined short-term behaviors which were modeled with be-
havioral trees [33]. Including these extensions, the entire competition required one
week of work.

Finally, the skills implemented on the robot reflected how skilled the robot
was in picking, placing and driving. For example, to improve the picking of the
engine pipe, only improvements to the pick skill were required while the rest of
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the system was not affected. Furthermore, adding a skill and skill primitive (e.g.,
gripper oc) is straight forward [32], and the planner is able to immediately
make use of such additional capabilities [33].

In ongoing work within the EU project SCALABLE 4.0, the STAMINA robot
is currently being extended for use as a mobile and skilled manipulator resource
for highly modular manufacturing lines. The new robot tasks include packing and
assembly tasks, and the robot is meant to execute these tasks wherever needed on
the manufacturing line.
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