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Abstract

Increasing demand for robots with broader applications has created many challenges for

the commercialization of recent achievements in the �elds of robotics and perception. This

research focuses on formulating a solution for these challenges and to integrate vision-based

information in the real-time control loop of nonholonomic Mobile Manipulators ( MM s)

to ful�l requirements for modularity and reusability of control subsystems. The proposed

solution answers two research questions: how can visual camera feedback be improved

during motion and how can dissimilar subsystems of mobile platforms and manipulators

be coordinated?

Seven publications have been developed to address these issues from various perspec-

tives. It is necessary to carefully address changes in camera outputs, discontinuities,

variable latencies, and quantization errors and uncertainties. In particular, there are

challenging issues about output of numerical iterative methods used for classic controllers

with assumptions of well-behaved and continuous setpoints and feedbacks. Due to the

multidisciplinary nature of this problem, the primary objective is to ensure that bene�ts

are realized by lessens learned from the everyday motions of humans as a smart agent.

Thus, the camera should act as the eyes, the mobile platform (i.e., the macro robot) as

the body trunk, and the manipulator (i.e., the micro robot) as the arm.

The thesis analyzes two main research questions considering practical issues caused by the

position feedback of several object detection methods. It is shown that a complementary

M-estimator and accurate synchronization of signals can signi�cantly smoothen a visual

feedback for the control purposes. Moreover, another focus of this research is to formulate

coordination of macro robot and micro robot based on the performance of the visual

feedback and vehicle capabilities.

The solutions addressed in this thesis suggest the use of online evaluations of sensor

feedback to determine its quality. This evaluation plays a key role in both macro �micro

coordination and integration of visual feedback into robots' motion controllers.
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1 Introduction

Mobile Manipulators ( MM s) have multidisciplinary applications and are applied to many

aspects of robotics that share the challenges of high-dimensionality, uncertainty, and task

variability [ 10]. Since the 1980s, robotic arms have provided comparable performance to

human arms and hands and have been substituted for human labor to perform repetitive

tasks, especially in automotive industries. As manipulator technology has evolved,

robots have begun to appear outside the limited environments of Computer-Integrated

Manufacturing ( CIM ) cells and production lines. By 2022, the service robotics market is

expected reach a volume of $23 billion per year at a compound annual growth rate of

15% 1.

Common mechanisms for service robots areMM s. For example, mobile platforms carry one

or two manipulators to widen workspace [36], in which service robots target unstructured

environments while sharing the environment with humans [60], unlike CIM cells. Broad

application areas and the variety of tasks that these robots perform highlight demands

for vision-based methods to provide both indoor service robots and outdoor �eld robots

with suitable environmental feedback. Thus, this thesis developed within two projects

and test cases aligned to these demands.

1.1 PURESAFE

Project PURESAFE2 (i.e. Preventing hUman intervention for incrREased SAfety in

inFrastructures Emitting ionizing radiation), was a project partially targeting engineering

of complex robotic systems for scienti�c facilities, such as CERN3 and GSI Helmhotz

FAIR 4, as shown in Fig. 1.1. It was funded under the European Commission's Seventh

Framework Programme and the Marie Curie Actions. Tampere University of Technology

(TUT ) acted as the leading organization for this project. Design and manufacturing of the

1 Service Robotics Market by Operating Environment, Application, and Geography-Global Forecast
to 2022, reported by Markets and Markets, SE 2714, January 2017.

2http://puresafe.web.cern.ch
3https://home.cern
4https://www.gsi.de/en/researchaccelerators/fair.htm

1

http://puresafe.web.cern.ch
https://home.cern
https://www.gsi.de/en/researchaccelerators/fair.htm
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iMoro was also during this project, as the �rst mobile manipulator addressed in physics

hall of fame, illustrated in Figure X.30 of [37].

Figure 1.1: Graphical proof of concept proposed by [51] for iMoro inspection applications in
CERN LHC tunnels as a modular wheeled mobile manipulator for the PURESAFE project

1.2 GIM

Some algorithms of this research were implemented in autonomous �eld robots that were

developed at the Finnish Center of Excellence in Generic Intelligent Machines (GIM )5

and partially funded by the Academy of Finland from 2008 to 2013. Research teams from

Aalto University and TUT improved technologies for �eld robotics and MM s. Several

autonomous and multipurpose mobile machines and a test track were created forGIM

projects, such as one of the test cases in this research, namely the Avant forklift shown in

Fig. 1.2.

1.3 Research Problems (RPs)

The multidisciplinary problem of MM s includes many engineering branches and demands a

variety of complex technologies to be implemented. As much as possible, pre-existing tools

were used for basic robot functionalities, and the primary objective of the research was to

�nd solutions for two research questions (provided below) by considering multidisciplinary

approaches.

RP.I Coordinated Motion For Mobile Manipulation

How do two subsystems in a mobile manipulation system cooperate to accomplish

a manipulation task?

5http://gim.aalto.fi/

http://gim.aalto.fi/
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Figure 1.2: Avant autonomous forklift; AUT's mobile laboratory

RP.II Analysis and Integration of Visual Feedback in Control Loop of a Mobile

Platform

What are the e�ects of vision-based feedback in control loops and how can undesirable

e�ects be reduced?

For the MM test cases using autonomous vehicles, maximum utilization of existing

hardware and software modules was required to ensure the practical use of output for

commercialization.

1.3.1 RP.I: Coordinated Motion for Mobile Manipulation

Introducing manipulators for applications beyond the capabilities of stationary instal-

lations within a CIM cell shows that there is demand for mobile platforms. Table 1.1

compares the use of mobile platforms for manipulation tasks, revealing challenges that

arise from dissimilarities in many aspects. Integration of these two systems can com-

promise precision in wider workspaces; thus, this research focused on generating mobile

platform motion and on-board manipulators to perform shared tasks. The research also

addressed the aspects of a task that each subsystem should share in terms of end e�ector

motion.

Table 1.1: Summarized common properties of macro and micro subsystems.

Subsystem Motion
Mechanics

Workspace Motion
Precision

Response

Macro (mobile platform) Nonholonomic Unlimited (but constrained) Low Slow
Micro (Manipulator) Holonomic Limited Spatial High Fast
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1.3.2 RP.II: Analysis and Integration of Visual Feedback in the

Control Loop of a Mobile Platform

Service robots usually receive visual information extracted from two- (2D) or three-

dimensional (3D) camera images. This information can be about robot status and

functionalities, environmental perception, or both. Recent developments in machine

vision, embedded processors, and image perception in deep convolutional networks now

make such data extraction possible. InMM tasks, a common application of visual

information is to track an object for manipulation purposes; thus, vision output in�uences

feedback during closed-loop manipulation or of a path-following controller. There are

several di�erences in the �elds of computer vision and robotic control that give rise to

challenging issues for system integration. One fundamental di�erence is how success is

de�ned in these �elds. For a computer vision algorithm, a 90% success rate in detection

is considered extraordinarily good and beyond human capabilities. Relevant examples

of this are the winners of the ImageNet [25] competitions in recent years with success

rates higher than 93%, for instance by GoogLeNet [70]. Although this level of quality

is useful for user-assistive tasks, it causes problems in autonomous systems because a

90% success rate means that the system can fail to recognize correct targets once in ever

10 attempts. In a robotic control system, the autonomous system should be positioned

at strictly descending distances from the target object, and system quality is measured

based on errors when tracking an object or following a path in terms of repeatability

and accuracy. Therefore, to accomplish a vision-basedMM task, both RPs should be

considered.

In the steerable mechanisms of mobile platforms, nonzero degrees of steerability, as in

the Avant forklift or iMoro, mean that oscillations are more obvious if the steering angles

directly depend on the instantaneous path curvature. For �eld robots, this issue is less

prevalent due to high inertia and viscous friction in power transmission. However, for

accurate and fast update rates in theiMoro, each oscillation in the curvature measurement

causes displacement of steering even when the body coordinates have not changed.

Studies focusing on these RPs are included in this thesis. For example, RP.I was considered

by P-II, P-IV, and P-VI, while publications by P-I, P-V, and P-VII focused on RP.II.

Moreover, P-III and [54] described the architecture of the iMoro.

1.4 Requirements and Scope of the Research

Besides the scienti�c challenges, dealing with service robotic or �eld robotic test cases

requires certain properties and speci�cs to develop solutions for RP.I and RP.II. The main

concern is to preserve system capabilities for further developments or commercialization
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of existing or developing software modules. In this research, availability and reusability

of methods for realistic experimental setups were the primary concerns. Test cases for

outdoor �eld robotics or indoor service robotics are commonly built on pre-existing and

advanced products and methods; for instance, in the Avant, control of hydraulic actuator

valves for setting the vehicle's articulation angle was studied by [29]. For the iMoro,

the same level of development was achieved in cooperation with research conducted on

the path-following control of four-wheel steerable mobile platforms as described in [57].

Based on the generic architecture forMM s in such systems and applications, selected

requirements are listed as follows. They are compatible with the complete requirements

of the PURESAFE project, which were developed in conjunction with the needs and

requirements addressed in meetings with the Engineering Department of CERN [41].

1. The output performance of system positioning should maintain repeatability for

the entire system such that the iMoro could continuously hold a small object (e.g.,

3cm � 3cm cube) within its gripper jaw �ngers. The same is required for the Avant

forklift, which must be able to pick up a standard EUR pallet. Thus, system

repeatability must be better than � 7cm because this accuracy allows the test to be

conducted using commercially available forklift forks and pallets.

2. All targets should be marked and de�ned using a monochrome single ARTag [26] or

have a bundle with detection preferences set to the farthest possible distance.

3. The visual feedback should be available at variable process times of 5 to 10 Frames

per Second (FPS). Controller feedback must be available for minor sample times of

hard real-time process units. For the Avant test case, this is about 20 milliseconds,

and for the iMoro test case, this is about 5 milliseconds. The controller is responsible

for driving the lower level actuators at each sample time, and without this feedback,

the system is enable to perform emergency soft stops.

4. The wheel odometer of the iMoro should be available at each sample time based on

the wheel angular encoders. However, for the Avant, the wheel odometer should

also be an event-based sensor that transmits updates for each appearance in the

proximity sensor label.

5. Mobile platforms should be based on nonholonomic steerable mechanisms.

6. The steering and driving actuators can have limited velocity and acceleration

capabilities.
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1.5 Thesis Contribution

The primary contribution of this thesis is an experimentally veri�ed method for integration

of eye-in-hand systems for object tracking that considers limitations of system integration

and constraints of the nonholonomic mobile platform. The publications analyzed to

solve the RPs address several viewpoints and two di�erent mechanisms. For outdoor

conditions, such as the test environments in P-II, P-IV, and P-VI, the signals of the

Global Navigation Satellite System (GNSS) were commonly available and the vehicles

used global coordinates during task performance. However, these coordinates were not

su�ciently accurate for pallet picking, and local feedback was necessary to ensure precise

motion control for this purpose. The proposed method caused the forklift to deviate from

the global path, based on logics provided in P-VI, when it sees the desired target, as in

P-II. Commonly available industrial cameras do not provide su�ciently accurate visual

feedback at distances greater than three meters. Consideration of special constraints,

is necessary to add more information to the system. As shown in P-II, assumptions of

constant pose for target objects with respect to an inertial frame can signi�cantly improve

system robustness and smoothness.

The same solution was modi�ed for better accuracy and faster responses for theiMoro,

and it was shown that adapting a path-following controller for vision-based motion control

can signi�cantly improve the repeatability of positioning for mobile platforms of service

robots, as in P-V. This solution, which is brie�y described in Section 3.2, supported

the real-time capabilities of a vision-basedMM . Additionally, this solution considered

uncertain visual feedback that was dependent on object distance. As proposed in P-VII,

using complementary M-estimator to precise consideration of robot footprints, after

compensation for variable Object Detection Toolbox (ODT ) delays, can signi�cantly

improve vision feedback. This improves the smoothness of signals in closed-loop and

tolerance to bouncing of visual feedbacks. Thus, pure motion of the robot's mobile base

maintained the robot's positioning better than � 3cm at End E�ector (EE).

This research was conducted in conjunction with research on path following and object

detection [52 �58, 3, 4].

1.6 The Author's Contribution to the Publications

This section brie�y explains the role of the author in each of the listed publications.

Publication P-I: The author developed the presented methods. Professor Reza

Ghabcheloo initiated the idea and edited the paper. M.Sc. Antti

Kolu helped with the experimental setup, and Dr. Mika Hyvönen
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helped with the hardware-in-the-loop simulation setup. Professors

Kalevi Huhtala and Jouni Mattila reviewed the paper.

Publication P-II: The author developed the initial idea and the theoretical framework

and wrote the paper. As academic supervisors, Professors Reza

Ghabcheloo and Jouni Mattila reviewed the paper and made

corrections and suggestions.

Publication P-III: The author developed the initial idea and the theoretical frame-

work and wrote the paper. Dr. Reza Oftadeh helped with the

experimental setup. As academic supervisors, Professors Reza

Ghabcheloo and Jouni Mattila reviewed the paper and made cor-

rections and suggestions.

Publication P-IV: The author wrote the paper and developed the methods presented.

M.Sc. Antti Kolu helped with the experimental setup and the

hardware-in-the-loop simulation setup. As academic supervisors,

Professors Reza Ghabcheloo and Jouni Mattila reviewed the paper

and made corrections and suggestions.

Publication P-V: The author wrote the paper and developed the methods presented.

Dr. Reza Oftadeh helped with the experimental setup. As aca-

demic supervisors, Professors Reza Ghabcheloo and Jouni Mattila

reviewed the paper and made corrections and suggestions.

Publication P-VI: The author wrote the paper and developed the methods presented.

M.Sc. Antti Kolu helped with the simulation and experimental

setup. As academic supervisors, Professors Reza Ghabcheloo

and Jouni Mattila reviewed the paper and made corrections and

suggestions.

Publication P-VII: The author wrote the paper and developed the methods pre-

sented. Dr. Juho Vihonen helped with the experimental setup

and review of signal processing methods. As academic supervisors,

Professors Reza Ghabcheloo and Jouni Mattila reviewed the paper

and made corrections and suggestions.

1.7 Outline of the Thesis

This compendium thesis is comprised of �ve chapters. The arrangement of chapters and

publications is illustrated in Fig. 1.3. After the �rst chapter, which introduces the RPs,

scope of the research, and contributions, subsequent chapters are organized as follows.



8 Chapter 1. Introduction

Chapter 2 starts with a brief review of fundamental studies and materials for de�nitions

and terminologies in the �eld. Then, the literature review is presented in four categories,

highlighting various research viewpoints. Then, experimental studies of state-of-the-art

methods are compared in terms of long-range detection and positioning accuracy of

robots.

Chapter 3 addresses the conceptual design basis of the publications for answering the RPs.

The second half of this chapter describes the relevant experimental setups and highlights

their similarities and di�erences. This chapter ends with a selection of practical issues

among experimental studies about these robotic problems.

Chapter 4 presents the research conclusions based on observations and experiment results

that answer the RPs (i.e., visual input and interference of multidisciplinary concepts).

Discussions are categorized into four subjects, and the �nal part of the chapter concludes

the discussions and addresses possibilities for further research.

Chapter 5 consists of summaries for each of the seven publications. This chapter explains

the connection between the thesis RPs and the publications. This chapter is followed by

the publications, which are relevant published papers.
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Figure 1.3: Thesis structure.



2 State of the Art

This chapter brie�y describes the fundamental studies of control of MM using visual

feedback as well as a selection of achievements in the �eld. Similar approaches are

utilized for di�erent applications, and the majority of studies can be categorized under

these topics: position-based or image-based visual servoing, visual guidance for mobile

platforms, docking and motion control of AGVs, and pallet picking.

2.1 Visual Servoing

Visual Servoing (VS) methods are categorized into three main types: Image-Based Visual

Servoing (IBVS) [15], Position-Based Visual Servoing (PBVS) [79], and a hybrid of both

[49]. IBVS is a visual target-tracking method that is most widely used in the literature to

compare a desired set of features to the features of current images to produce necessary

commands for robot motion generation [2]. Iterative feature matching and transformation

extraction methods incur high costs but are presented in [39], and due to limited features,

these methods are compatible with real-time systems but are best suited to 2D problems,

with initial knowledge of depth or scale [34], without large rotational movements [14].

IBVS is mostly used for short distances and eye-in-hand applications [17], while PBVS is

based on the estimation of the target pose using image features. Because pose estimations

(e.g., in Cartesian space) are provided inPBVS, vision output can be readily integrated

with other sensor modalities. However, the calibration of the extrinsic parameters of

the camera with respect to the robot body plays a signi�cant role in the success of

manipulation [81]. A hybrid method, such as 21=2 D VS [49], combines bothIBVS and

PBVS to extract the translational movement of a camera (using thePBVS method) and

its rotation in a 2D image coordinate system [13, 14]. Several studies have been reported

in this regard [13, 14] [33].

This thesis work is comparable to works on motion control of mobile systems based on

exteroceptive sensor data. Although the problems are similar, these works use di�erent

terminologies and applications; however, the common goal is to position a mobile (or a

MM ) robot in accordance with an object within its environment. This becomes more

10
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challenging when the robot must remain in contact with the environment as well. Related

works in the literature can be loosely categorized as those pertaining to pallet picking

or docking, IBVS, and PBVS. They use sensors or driving mechanisms not necessarily

similar to the current research. The intersection point of all these studies is the control

architecture of mobile platforms based on exteroceptive sensor data. ForAGV docking

problems, the environment is more structured, and robustness is the main concern. In

contrast, the aim of IBVS research is to ensure more �exibility, while PBVS research

combines these aims; this is the category in which the current thesis resides. The following

sections describe each research category in more detail.

2.2 Motion Control of Mobile Manipulators

A variety of approaches have been implemented to control or distribute tasks among the

joints of a MM s. In some cases, the approach depends on the speci�c capabilities of the

mechanical design, such as the capabilities of the fourth generation of the Care-O-Bot [28].

Early works considered the entire system of theMM as a redundant robot and, therefore,

proposed extensions of redundancy resolution methods forMM s, without considering

the e�ects of visual feedback in control loops. Comprehensive studies by Khatib [35]

and Seraji [67] are good examples of these works, as well as methods later addressed in

the Springer Handbook of Robotics [10]. These solutions are more useful when system

response is not limited by nonlinear changes in the object �MM pose estimation. In

the close neighborhood of the object, these approaches are applicable because of better

visual feedback and limited demand for heading change from the mobile platform [17].

However, far distances, especially when feedback changes can demand large rotational

displacements, are not the best cases for these methods. The majority of complexities in

MM s are due to the steering of mobile platforms and include nonholonomic constraints

and singularities, which have been more extensively studied in relation to path following

for combinations of active and passive wheels and steering mechanisms [56, 60].

Despite limitations in e�ciency and approach angle of its mobile platform, similar to

KUKA's omniMove and youBot [ 8], the nonholonomic dynamics ofMM s are avoided

with the use of omni-directional wheels (e.g. Swedish or Mecanum wheels). Combinations

of traction forces generated by these wheels partially cancel the force or torque of other

wheels such that the resultant planar force or torque is similar to a planar holonomic

joint. Since cancellations are based on wheel �ground contact friction, mobile platform

become shaky unless the application is limited to �at and even surfaces and �exible wheels.

Studies similar to [32] treated Castor wheelswith excentricity as holonomic mechanisms

because of their capability to generate force by steering. However, these approaches

are solely dependent on very speci�c structures. The vast variety of recently developed
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commercially available MM platforms, such as PR2, Care-O-bot, Tiago, Baxter, and

Fetch [61], as well as autonomous �eld robots, are not suitable for use with these methods.

The proposed method in P-VII is comparable to recent work in [16], in which a simulated

mobile robot tracked a target using vision feedback. This method considered piecewise

path generation for following a given target. However, it overlooked some issues and did

not address low-frequency nonlinear changes in optical systems and deviations from pin-

hole camera models. Moreover, the switching method was used only within a prede�ned

coordinate frame. In P-II and P-IV, it was shown that for long distances and for integration

with systems in real-world applications, it was necessary to have switching capabilities

and the ability to change from global to local coordinates to enable independent control

loops and to coordinate complicated tasks and synchronization for disturbance rejection,

which is similar to solutions addressed in [73].

Compared to other contemporary methods provided in Table 2.1, the proposed method

achieves outstanding performance in positioning of the mobile platform by avoiding

compromised performance for smoothness, compared to other relevant works that have

lowered control-loop frequency when visual feedback is lacking. For instance, [18] updated

inputs directly after each ODT data update, meaning that the entire system had variable

sample times due to visual perception, which is not acceptable for large-scale automation

systems dealing with hard real-time requirements. The table also showed that, in the

proposed methods (P-IV, P-VII) for better system integration, positioning of the mobile

platform does not lead to loss of accuracy.

2.3 Docking and Motion Control of Vehicles and AGVs Based

on Exteroceptive Sensor Data

For AGV s with �exible tasks, the docking process must be able to handle di�erent

stations and loads. A comprehensive study reviewed research methods and patents for

Table 2.1: Research on Accurate Mobile Robot Navigation

Reference Local
Update

Global Update Max Positioning

Accuracy

Sensor Robot

[69] 35 Hz 1.5 Hz 4 cm Range omniRob

[62] 6 cm 2xLaser omniRob

[18] 8 cm Vision Pioneer3AT

P-IV 50 Hz 5-7 Hz 10 cm Vision &IMU Avant Forklift

P-VII 200 Hz 7-10 Hz 3 cm Vision iMoro

* The addressed papers cover a wide range of functionalities. Only the parts comparable to the proposed
methods are considered in the table. The applications and environments are not exactly similar. Empty

cells indicate lack of information.
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this process [68]. Applications of AGV s are more dedicatedin structured environments; for

instance, someAGV s navigate by following wires or painted lines or by monitoring through

Radio-frequency Identi�cation ( RFID ). These options are more suitable for workshops or

production lines with repetitive tasks rather than high-maneuver motion-task demands.

Thus, such research is better for precision and repeatability that compromises �exibility

and integration.

For outdoor vehicles, common sensor input areGNSS data, which are globally available;

however, even good control methods can generate0:5m lateral errors for high maneuvers

[50]. Lateral errors are a key parameter for placement of a forklift's fork into the proper

position during picking, and errors must be smaller than 10cm. Usually �eld robots,

similar to Avant, do not carry a dexterous manipulator, and only the mobile platform is

capable of a�ecting this error. Since this thesis discusses a nonholonomic mechanism for

mobile platforms, this error must be minimized during a platforms' longitudinal motion;

therefore, vehicles cannot be stopped to improve estimation uncertainties using high-order

�ltering methods.

A comprehensive review of applicable motion control methods are presented in [74].

This paper states that the control methods based on path following, so called vector

pursuit controllers such as [80], have good functionalities for controlling heading and

curvature. However, it considers the necessity of the look-ahead distance for these

methods as a negative point. As shown in P-IV, by choosing an appropriate strategy

for multistage inclusion of visual information on path segments, the look-ahead distance

cannot be a limiting factor for pallet-picking tasks. Additionally, methods based on

multiple trajectories for control of autonomous vehicles was studied by [27].

Generally speaking, the papers targetingAGV docking are more suited for industrial

workshop environments, in which workspace can be adapted to vehicle capabilities. This

is not possible in outdoor environments, such as construction sites. Thus, the approach

chosen in this thesis was to keep all functionalities of autonomous vehicles, as long as the

desired target was identi�ed. After consistent recognition of the target, the robot began

to act based on the target's pose and its imaginary desired path of manipulation toward

it. There are also branches of research on task planning and scheduling ofAGV s [19],

although such research is out of the scopt of this thesis. However, they highlight a level

of autonomy that is expected from the MM s in similar environments. This topic includes

less legal and safety issues in industrial environments, and therefore, the architectures

can be simpler compared to service robots.
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2.4 Vision-based Control of MMs as a Visual Servoing Problem

Research addressingIBVS focus on simple control architecture that allows control of

an entire control loop using a singleVS controller. This is not possible in complex

architecture, such as those presented in P-VI or P-III. [21] looked at the integrity of vision

in the control loop together with adaptation of gains when considering robot dynamics.

However, this work is not concerned about timing and data fusion in di�erent coordinates

because the camera was stationary, and therefore, the coordinate frames did not change.

The delay e�ects on position errors, addressed in P-V and P-VII, were not considered

because such errors depend on speed values. Since this method learns the dynamics of

entire systems, it can include synchronization errors, and when moving coordinate frames,

this method cannot be applied.

VS for manipulation or navigation was also addressed by [77] and [78], who kept the

actuator saturated and used the maximum available actuation but only at short distances

to observe error reduction as a controlled and damped step response. Another study

highlighted the importance of VS of nonholonomic mobile platforms [83] and provided

a solution for this problem based on minimizing errors among matched features in the

camera-image frame in a di�erentially driven mobile platform application. Here, changes

in camera image depending on range, can a�ect the behavior of the vision-based estimated

values, which can cause a robot's path to deviate or increases errors in estimations of

the relative pose. In [84], this change was assumed to be a disturbance. However, this

could have been caused by changes in the focus of the optics. This issue is considerable if

the robot must be used for long-range applications [40]. A similar problem, which has

relevance for long-distance detection, is the Unmanned Aerial Vehicle (UAV ) landing

problem, especially for moving targets [1]. Sometimes, detection is based on utilization of

deep learning in comparison to Google Street View [5]; these works have inspired broader

applications for this thesis' work as addressed in Section 4.5.

2.5 Vision-based Control for Autonomous Pallet Picking

For vision-based controllers in industrial applications, target detection inconsistencies

together with the limitations of the mechanical system are both common sources of

error [82]. A proper controller should be able to operate with both error sources while

improving in overall performance. In the literature, some studies emphasized one error

source more than the other. Since Autonomous Pallet Picking (APP) involves more large-

scale industrial MM s test cases, industrial solutions and system integration are considered

more often than VS. A group of studies has considered pallet detection and integration

of the visual sensor in the control topology, such as [31], whereas work such as that of [7]
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aimed to correct data while camera is approaching the pallet. A majority of these works

employ at least two cameras or monocular vision systems with de�ned Computer-Aided

Design (CAD) models [11] or incorporate both laser scanners and cameras [6].

Typically, the maximal range of the vision detection methods is three to four meters

in front of the vehicle for known targets. For instance, the reported maximal detection

ranges are:

ˆ 3m for the CAD-based method of [11],

ˆ 4m for a double-sensor architecture in [6],

ˆ 3:7m for the MCSMwith stereo vision [64, 12],

ˆ 3:5m for the Macro �Micro Controller for Mobile Manipulation ( M4) method P-II,

and

ˆ 2m for variable sized pallets using a laser scanner [38].

Only research bene�ting multiple-view laser scanners provide longer distances for forklift

con�guration space up to 6m [76, 75]. For large articulated frame-steering machines

with reduced mobility, the approach angle must be corrected from longer distances to

avoid extra back-and-forth maneuvers. The proposed method forAPP is capable of

detecting a pallet (with markers) from 6m away by employing a monocular vision system.

The Macro �Micro Multistage Controller for Mobile Manipulation ( M5) method in P-IV

improved the M4 method of P-II by incorporating step-by-step switching among the

control modes and path segments to include marker-detection data to the extent of its

validity. Its immediate result was a wider con�guration space with a higher impact on

performance and pallet picking feasibility and more application areas. The method does

not impose limitations on detection methods; therefore, it is capable of integration with

any vision, Time-of-Flight Camera (TOF ), or range sensors that are suitable for object

detection based on exteroceptive sensor data.

There are multiple controllers proposed for object manipulation and pallet picking in the

literature. Some navigate the robot in the image space or camera coordinate, such as

the mobile camera-space manipulation method (MCSM) [66, 12, 63, 65]. The intrinsic

complexity, nonlinear dynamics, and nonholonomic constraints of such machines make

the motion control problem very challenging to overcome [20],[56] because it requires

both path planning and following algorithms for APP [ 71],[75, 72]. Docking problems

face similar challenges [74], and one of the fundamental issues for these categories of APP

studies is the de�nition of the operational coordinate that becomes a reference for the

desired path, errors, and the target pose [76]. The operational coordinates for APP must
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be global or local, and selecting either has its own advantages or disadvantages. For

global coordinates, integration with normal autonomous navigation modules of a vehicle

is easier compared to that of local coordinates. However, any update in the desired path

requires re-execution of the global path planner since the improvements in the target

pose estimation occur when the robot approaches the target. In contrast, operations

using local coordinates provide high frequency location and detection feedback but change

the navigation control architecture, which may lead to undesirable drifts in the position

estimation.

The proposed methods,M4 and M5, take advantage of both operational coordinates.

During the time that the MM follows a desired path and detects the object for the �rst

time, the proposed method plans a smooth path before switching to a local operation

coordinate. Therefore, the robot motion avoids jumps and drifts during navigation in

both global and local coordinates as well as during switching intervals. Another bene�t of

this method is the ability to start visual servoing from farther distances, which provides

more space and time for theMM and, therefore, smoother steering of the nonholonomic

mobile base. This feature, in most of the scenarios, eliminates the need to align the forks

by driving backward and re-planning the path.



3 Solutions and Results

3.1 Inspiration

The majority of challenges faced in service robotics arise from tasking robots together with

(or on-behalf of) humans in their environments. Considering real-world solutions to such

challenges can provide smart solutions rather than numerically optimal solutions. This is

also true for isomorphism between human arm and robotic manipulators. For example,

manipulators in the automotive industry work in the same way that the human arm

works because the entire design of production lines was initially based on human abilities.

Improvements in mechatronic design and cyber �physical systems were introduced as

a revolutionary movement, as in Industrie 4.0 [30]. However, the entire process is

evolutionary and based on improvements in integration of multidisciplinary methods and

products during the third and fourth industrial revolutions. A noticeable example is

the di�erence between the utilization of AGV s and autonomous vehicles. As a result of

being in a simpler environment, AGV s are now functional in industrial and structured

environments; however, autonomous passenger cars are still under development due to

the complexities of interactions with nonindustrial and unstructured environments. Since

these devices are designed for humans, robot's actions are considered to be intelligent

or smart if they are acceptable and similar to human actions or justi�able by skillful

operators. The words smart or intelligent might be vague from this viewpoint and not

necessarily refer to optimality in a speci�c domain, but they do mean better integration

of process power and control in a mechatronic system. The majority of the literature

addressed in this thesis embrace a multidisciplinary perspective as a way of �nding

inspiration from manipulation of objects in everyday life, as shown in Fig. 3.1.

If a person is told to pick up a box from a shelf, the following steps are carried out

subconsciously.

1. Understand the task.

2. Consider the way toward the assumed location of the shelf from the current location.

17
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Pallet Picking by Fork Lift Box Picking by Human

Macro
(Mobile Platform)

Micro
( Manipulator )

Figure 3.1: An inspirational concept for MMs in everyday life

3. Move toward the shelf location.

4. Update shelf pose assumption, as soon as it is visible.

5. Seek the box as soon as the shelf is in sight.

6. Check that the box label is the same as given.

7. Pose the body such that the arm has enough freedom (dexterity) to move.

8. Grasp the box using arm and hand motions.

9. Pick up the box.

Our muscles, brain, and nerves work smoothly through these steps such that the outcome

is a smooth motion, adjusted for the task and the capabilities of the person; it takes

into consideration environmental e�ects and is reactive to changes. These conditions

are further highlighted by considering di�erent situations. For example, someone with

a shorter arm stops closer to the shelf, while someone who moves quickly may not stop

or pause during steps. On a slippery �oor, or as a result of illness, �ne adjustments of

the trunk might be ignored and the arm moved more. Studies on human motor control

and perception can partially con�rm these observations [23]. The same issues must be

corrected for vehicles and mobile platforms that useMM s. Based on these analogies,

the MM uses a macro �micro architecture, while the mobile platform acts as the body,

and the manipulator acts as a human arm. In this way, robot cognition acts similarly to

accomplish the aforementioned steps for object manipulation.



3.2. Solution Concept for Integration 19

3.2 Solution Concept for Integration

If inspirational concepts are compiled into motions and measurements of coordinate

frames, their relationships are described by homogeneous transformation matrices as

in SE(3)1, which is denoted by T . For example, the following tensor comprised of an

orthonormal rotational matrix and position vector describes a body frame fBg in an

inertial frame fIg represented infIg .

I T B (x; y; z; '; �;  ) =

2

6
6
6
6
4

I R B ('; �;  ) I P B (x; y; z)

0 0 0 1

3

7
7
7
7
5

4� 4

(3.1)

If the coordinate frames are assumed, as illustrated in Fig. 3.2, the coordinate framefWg

is stationary in fIg . Therefore, the transformations between these coordinate frames

are fWg T fIg or fIg T fWg , and therefore fIg T fOg can be assumed as a constant matrix,

which is equal to

fIg T fOg = fIg T fBg
fBg T fCg

fCg T fWg
fWg T fOg ; (3.2)

for which parameters are described in Table 3.1. Based on this assumption, it is possible

to have redundant measurements for relative coordinates.

The same type of loop closure can be written to include a manipulator.

fIg T fOg = fIg T fBg
fBg T fMg

fMg T fM � g
fM � gT fOg (3.3)

Based on these loop-closures, the body posefBg (as in P-V and P-VII) or manipulator

posefMg (as in P-I) can be extracted or the desired values (as in P-II) can be extracted

1special Euclidean group in 3D space

Table 3.1: Transformations between di�erent coordinate frames illustrated in Fig. 3.2

Matrix Description Determination
fIg T fOg Object's pose in the inertial frame matrix composition
fIg T fBg Mobile platform's pose in inertial frame odometer or GNSS
fBg T fCg Camera coordinates in the body frame extrinsic calibration
fCg T fWg Work piece (or marker) in the camera image frame vision system
fWg T fOg Grasp pose with respect to the work piece by de�nition (grasp planning)
fBg T fMg Manipulator pose with respect to the body manipulator joint values
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Figure 3.2: De�ned coordinate frames of MMs, camera, and object.

in accordance with the object based on two sources. If practical issues are ignored and

assuming that fIg T fOg is constant in time, multiple measurements can be obtained during

a time interval independent of the robot's motions. This is helpful in di�erent situations

because changes in estimated values forfIg T fOg can be a measure of performance for

sensor output, as shown in P-VII. The entire chain of transformations can be mapped in

the visible coordinate framefOg , such that the changes remain in the same coordinate,

theoretically. In P-V, it was shown that outliers can be rejected to signi�cantly improve

the oscillations of ODT output by comparing fOg T fBg from (3.3) and from (3.2) after

delay compensation. Consistency of these two appearances can be used as an index for the

soundness of the outcome of the entire system. Moreover, wheel slippage or view occlusion

of the camera for short periods of time are not a problem for this system. Compared

to the example presented in Section 3.1, the pose of the box remains the same on the

shelf no matter how the person moves, and as long as the person moves toward the shelf,

the displacement appears in both the driven distance of the person and in the visual

appearance of the box from the person's viewpoint. If the person closes their eyes for a

few seconds, they are still able to guess their hand's position because of knowledge of

arm motion.

In utilizing such an idea, there are bene�ts from some assumptions that do not limit

applications similar to pallet picking or MM s for grasping. Because the forks of forklifts

and grippers jaws ofMM s are usually parallel bars, it is more likely to have the last part

of a planned path be a straight line. This helps avoid nonlinearity in mapping between

the coordinates because the majority of the coordinates have parallel rotation matrices.

This happens at the same time as acquisition of better images because the robot is in the

neighborhood of the object. These two e�ects are helpful for improving the performance

of both the Avant forklift and mobile platform of the iMoro throughout the majority of

a path in the neighborhood of an object. For a limited time interval, ODT output can

correct sensor drift e�ects in fIg T fBg caused by Inertial Measurement Unit (IMU ) or



3.3. Concept of Macro �Micro Multistage Controller for Mobile Manipulation (M5) 21

wheel odometer. However, these two sensors can compensate lack of real-timeODT by

generation of absolute pose feedback for hard real-time control loops using con�dence

measures.

3.3 Concept of Macro�Micro Multistage Controller for Mobile

Manipulation (M5)

As discussed in the previous sections, the main idea behind theM4 was to consider

separate roles for each part of the MM by taking into consideration their dissimilarities,

as brie�y addressed in Table 1.1. At the same time, the structure of existing controllers

should be maintained, as shown by the blocks in Fig. 3.6 or Fig. 3.8. This simpli�ed

concept is illustrated in Fig. 3.3 and brie�y described here. Theoretical details are

addressed in more detail in publications P-I, P-II, and P-IV. Programming logic for

implementation of these methods are addressed in P-VI.

In the M4, when the robot receives a message for a preplanned path that has aVS �ag

toward the object, in P-II or P-I this object was a pallet, it starts seeking for corresponding

visual cues while driving on the global path. As soon as the estimation of the object pose

becomes accurate enough, theM4 algorithms interfere with the input and output of the

higher and lower level subsystems by mapping their feedback and set points into the local

coordinates to de�ne a local path. When the robot �nishes the path, the pallet-picking

task is accomplished. Participation of the manipulator in this task depends on error

improvement. By default, the M4 does not allow the manipulator to track the target,

and it remains in control of the global path planner as long as large error variations

exist. As the robot arrives in the vicinity of the pallet with an appropriate heading, the

manipulator and mobile base begin to coordinate. The macro robot stops coordination as

soon as the motion requires better accuracy than it can provide.

M5 is more suitable for larger motion scales and high inertia test cases, for which the

acceptable estimation of object pose is not convenient compared to the time or space

needed for error correction of the mobile platform. One solution is to pause theM4

algorithm and request re-planning of the global path based on the updated pose of the

target. However, as shown in P-IV, an intermediate phase can improve this situation.

Since the concept described in Section 3.2 can be used to determine estimation quality, it

was used to determine object visibility. The criteria for judgment were modi�ed to keep

only the position of the object detection tensor in the equations. Thus, mapping can be

done only in the camera (or body) coordinates and not in global or local coordinates.

The two main results of the intermediate phase are to enableVS methods for more

heavy-duty autonomous vehicles and to avoid challenging the linearization assumptions

of lower level controllers by smoothing the steering command. For Articulated Frame
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Figure 3.3: Three types of paths for pallet-picking experiments: the Macro �Micro Multistage
Controller for Mobile Manipulation ( M5) uses global, intermediate, and local paths, as addressed
in P-IV; the Macro �Micro Controller for Mobile Manipulation ( M4) only uses global and local
paths as addressed in P-II.

Steering (AFS) vehicles, speed of steering determines deviation in the Instantaneous

Center of Rotation (ICR) for the front and rear parts of the vehicle, which can create

instability in the basis of the system model.

3.4 Test Cases

The robots' hardware architecture is illustrated in Fig. 3.7 and Fig. 3.5 and includes

two main networks: Controller Area Network ( CAN) and Local Area Network (LAN ).

Communication between the time-critical components and hard real-time functionalities

uses theCAN bus. For Avant, this network carries commands and feedback for hydraulic

control valves and sensors. For theiMoro, it communicates with servo motor drives.

Other real-time hardware are also on the same network, including sensors and manipulator

joints. Other hardware components are connected throughLAN in the physical layer.

These network components are:

ˆ the PC that hosts the remote development environment and Graphical User Interface

(GUI),

ˆ the Gigabit Ethernet Communication Protocol (GigE) camera,

ˆ the image-processing PC,
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ˆ the real-time target, and

ˆ the access point for wireless communications.

(a) iMoro, IHA mobile robot (b) AVANT Autonomous forklift (GIM)

Figure 3.4: Test Cases

For generic toolboxes, such as image grabbing, marker detection, planning, and calibration,

packages from the Robot Operating System (ROS) were used, as described in P-VI in

more detail.

3.4.1 Autonomous GIM Machine (Avant Forklift)

In P-I, P-II, P-VI, and P-IV, the Avant autonomous forklift was used for experimentation,

which shares its architecture and software modules with all the robots that useGIM . Avant

has four wheels on anAFS mobile platform driven by hydrostatic power transmission

and a 3-Degrees of Freedom (DOF) manipulator, as shown in Fig. 3.4b.

Local Area Network

Control Area Network

Fork IMUBoom IMUBody IMUHydraulic
Controllers

Diesel
Controllers

Proximity Wheel Sensors

Steering
Resolver

Interface 
ElectronicsPC 104

Linux 
PC

GigE 
Camera

Figure 3.5: Hardware architecture for the iMoro as a common architecture for a MMs

3.4.2 iMoro Mobile Platform

As illustrated in Fig. 1.3, the test cases in P-V, P-III, and P-VII used the iMoro. The

robot and its fundamental functionalities are described in P-III and [54]. These studies
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Figure 3.6: Software architecture for an outdoor hydraulic MM GIM. The focus area of this
research is highlighted.

Figure 3.7: Common hardware architecture for a MMs

focused on integration of visual information into the control loop of the mobile platform's

local coordinates.

Remote programming was done in the Simulink Real-time (formerly xPC-Target) en-

vironment or through MATLAB Code Generation using a Portable Operating System

Interface (POSIX) implemented in a real-time Linux operating system, Xenomai, as

explained in [58]. In both cases, host � target communication was based on Transmission

Control Protocol ( TCP). Other communications, such as updating the robot's status or

image information were done through User Datagram Protocol (UDP) signals.

3.4.3 Practical Issues

iMoro, a service robot, and aGIM (Avant), an autonomous forklift vehicle, both use

a nonholonomic steerable mobile platform,GigE camera, and wheel odometer sensors.

However, there are signi�cant di�erences; the details of each system have already been
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Figure 3.8: Data �ow for visual guidance of indoor MM s, iMoro using ROS packages. The
focus area of this research is highlighted.

explained in their relevant research papers, as referred in illustration of Fig. 1.3. The

k� mean solution was su�cient for mapping between the robot's coordinates and the

object coordinate in all test scenarios for the Avant (e.g., P-II,P-IV). To some extent,

in near neighborhoods, the same solution was useful for theiMoro as presented in P-V.

However, for a GNSS-denied environment, such as theiMoro's, the robot localized to

ensure required accuracy. The robot's actuation bene�ted from brushless servo motors

with signi�cantly better steering bandwidth and accuracy compared to the actuators and

wheel odometer in the Avant. The hydraulic machine handled both dry and Coulomb

friction and high-inertia mechanical parts, while the indoor robot had a lower moving mass

and better maintained gearboxes and driving system. Therefore, the common oscillations

addressed in P-V or P-VII were dampened by system nonlinearities; thus, short-time

jumps were small. However, in theiMoro, the control and actuation systems had faster

responses and were more sensitive to process delays in images, errors, and discontinuities.



4 Discussion and Conclusion

This chapter explains the research conclusions, discussed the research limitations, and

explains the research outcomes in comparison to relevant publications, divided by topic.

Due to the quantized nature of camera sensors and nonlinearities of optics, discontinuities

occur frequently in the output of any vision system. High-resolution and expensive

cameras can decrease the size of these jumps, but they do not resolve the issue.

4.1 Smoothness and Accuracy Contradictions

The simplest solution for oscillation of feedback for closed-loop systems is to lower the

controller gains or utilize high-order �lters. However, in both of the test cases, these solu-

tions reduced system performance. The motion of the mobile platform must be accurate

to ensure few positioning errors to maintain manipulator dexterity. Therefore, lowering

system sensitivity is not a suitable option. Thus, smoothness becomes contradictory to

accuracy for the overall outcome of theMM because the modules for image-grabbing,

visual perception algorithms, and communication delay theODT output and increase the

raise time of the system by over-dampening the control loop, which is unacceptable due

to possibility of signi�cant changes in the system states during the delay time.

4.2 Macro�micro Coordination of Motion for a Vision-based

MM

Although distribution of errors between macro and micro parts can be an independent

problem, ODT properties can be considered to avoid undesirable motions. Generally

speaking, micro robots are quick and accurate, as shown in Table 1.1, making them more

prone to sensor noise than macro robots. Additionally, sudden changes in the direction of

motion for nonholonomic mobile platforms cause steering errors because of low inertia

motion, without signi�cantly changing the center of mass. However, when the micro

part the entire manipulator moves toward the command, which can cause oscillations in

high inertia parts and rapid changes in the inertial forces of the center of mass of the

26
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robot. These changes challenge the capabilities of the embedded power, especially for

hydraulically-driven forklifts with diesel engines. Based on these issues, system integrity

is better if only high-quality visual feedback is permitted to reach the micro robot. This

underlines the importance of online assessment of measurement performance by comparing

loop closures, as discussed in Section 3.2.

4.3 Demand for Long-range Object Detection

Quality of object detection by camera, necessary in time-of-�ight cameras and range

�nders, depends on the distance between the object and the camera due to the limited

angular resolution of sensors. If sensors can provide feedback with acceptable accuracy

in a limited range, certain long-range applications for object detection can be achieved.

For outdoor autonomous vehicles, it is common to have low degrees of maneuverability

and steerability, which means that the vehicles require some driving distance to correct

heading or side errors. For the Avant, this distance was about 3.5 m for a repeatability

better than � 7cm. Thus, if the robot detected an object nearer than this distance, it

was less likely to be able to pick it up from an appropriate angle. For indoor service

robots, such as the iMoro, maneuverability and steerability are less challenging because

these robots are designed for tight areas. However, they are usually used inGNSS-denied

environments; therefore, cameras or other exteroceptive sensors are needed to localize the

robot. This is more important if the task includes manipulation, obstacle avoidance, or

�ne adjustments of the mobile platform with respect to external objects. For the iMoro

test case, the minimum distance was 2 m to accomplish positioning with repeatability

better than � 3cm.

4.4 A Vision-based MM for Service Robotics and Field

Robotics

Vision feedback provides considerable environmental data and, with internal sensors,

it can increase the �exibility and functionality of an MM . This research showed how

visual information could be integrated among existing subsystems in two autonomous

mobile platforms. In addition to experimental challenges, there are a few interdisciplinary

issues that should be mentioned. Exploiting vision or localization methods based on

local observations can make the entire system's work range-dependent, partially because

of the sensor structures, which are comparable to mapping using polar coordinates to

Cartesian coordinates with �nite amounts of pixels. Moreover, with respect to the camera

coordinates shown in Fig. 3.2, position measurements along thêy and ẑ, which are

generally more accurate than thex̂ (i.e., the depth of the camera image). However,
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for orientation estimation, only rotations around the x̂-axis bene�t from these position

measurements, while other rotations are prone to errors in depth estimation because

estimation of rotation between two points (or features) needs comparison in at least two

dimensions. This dependency is also a�ected by the size of objects or distances between

matched features, which can improve or worsen the e�ect of depth estimation. All these

dependencies highlight the sensitivity of orientation estimation of the depth of target

objects, which is also made clear by comparison of covariance ellipsoids that become

larger at farther distances.

Additionally, mapping between coordinates can cause propagation of uncertainties. For

instance, to localize the robot's manipulator with respect to the object, the inverse of the

transformations previously introduced, such asM T O , are inversed and becomeO T M ,

which is equal to

M T � 1
O (x; y; z; '; �;  ) =

2

6
6
6
6
4

M R T
O ('; �;  ) � M R T

O ('; �;  ) M P O (x; y; z)

0 0 0 1

3

7
7
7
7
5

4� 4

:

(4.1)

This shows how the position data are more prone to orientation detection when providing

feedback to the controller. If measurements in they � z plane were better in accuracy,

this multiplication negatively a�ects spatial representations of motions.

4.5 Conclusion and Remaining Challenges

For simpli�ed assumptions of constant uncertainty, a system can become too conservative

unless another measure to reassess uncertainties is used, such as in P-VII. In P-IV, this

issue was solved by proposing theM5, which introduced an intermediate stage that only

used the position elements of the tensor to move the robot toward the object. Because the
I T O estimates were consistent, as addressed in 3.2, allowing them to be used as quality

measures, the local coordinates in thefWg were used after reliable feedback was received

for I T O . Both of these methods maintained the quality of visual feedback, as shown in

P-V (for the iMoro) and P-II (for the Avant), while the robot and camera were moving at

far distances.

Integration of vision into an MM was also analyzed and implemented, and integration of

information from the MM can be incorporated in perception tools. This process can be

applied using the same method as that used for detailed image features and Simultaneous

Localization and Mapping (SLAM) outputs. The �lter introduced in P-VII was utilized

for each axis and extension of that with vector implementations of the proposed algorithm

together with deep learning methods, such as [22], or transfer learning can provide the
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network with motion primitives to be trained together with the image features. Further

analysis and formulation of uncertainties should be conducted to include better vector

representations of spatial motion estimations. Then, analytical formulations of the entire

system could be developed to de�ne certain switching and error distributions in geometric,

frequency, and time domains with parameterization of the uncertainties. The idea can

be representation of nonholonomic constraints as delay that steering can cause to steer

toward the desired velocity vector. This is an important direction for future research to

support system integration for nonholonomic dynamics.



5 Summary of Publications

This chapter summarizes each publication of this thesis, and answering the research

problems were the primary aim of these publications. As previously addressed in Figure 1.3,

there were two variations of test cases. The hardware descriptions in P-I and P-VI

addressed the architecture of the Avant autonomous forklift, and P-III and [54] addressed

the iMoro mobile platform. The solutions provided in P-I, P-II, P-VI, and P-IV were

more suitable for �eld robots, while solutions for challenges highlighted in P-III, P-V, and

P-VII were more suitable for service robots.

5.1 Summary of P-I: Position-based Visual Servoing for Pallet

Picking by an Articulated Frame-steering Hydraulic Mobile

Machine

This paper discussed the �rst implementation of the visual guidance method developed for

the Avant, which resulted in an articulated frame-steering forklift driven by a hydrostatic

circuit (Fig. 3.4b). The kinematics and hardware architecture of the autonomous system

were described, focusing on sensory information and speci�cations as well as actuation

accuracy for driving the mobile platform. Due to limitations caused by outdoor conditions,

wheel encoders consisted of two hall sensors, for which output was invalid for low-speed

motions; therefore, the experiment was the �rst answer for challenges in facing the use

of mobile platforms and manipulators together. Such di�erences were then considered

to develop a solution to the control problem by dividing APP into two subspaces that

shared anx-axis. This initial solution addressed both research questions, RP.I and RP.II,

and was speci�c to real-world conditions. Based on common practices in grasp planning,

a parametric curve was proposed to convert updates with discontinuities into one smooth

path for pallet picking.

30



5.2. Summary of P-II: A Macro �Micro Controller for Pallet Picking Using an
Articulated Frame-steering Hydraulic Mobile Machine 31

5.2 Summary of P-II: A Macro�Micro Controller for Pallet

Picking Using an Articulated Frame-steering Hydraulic

Mobile Machine

This paper proposed an architecture to de�ne a MM , in this case a forklift, as a

macro �micro system, namely M4. Despite a challenging application, by formulating an

M4, signi�cant di�erences between the mobile platform and manipulation mechanism

were addressed. Practically, given the coordinate frames shown in Fig. 3.2 and Table 3.1,

this method provided the autonomous forklift with an APP range of 3 �4 m pallet-picking

distance in the x-direction and a � 0:5m distance in the y-direction. Additionally, this

paper addressed the problem of visual servoing for pallet picking and the need to con�gure

multiplication for a homogeneous transformation matrix by reconstructing equations

similar to 3.3. Doing this, the problem can be represented as anM4 problem because the

macro part carries the micro part of the MM , for which, general properties are addressed

as presented in Table 1.1.

Based on this representation, visual features are arti�cially generated for the macro part

based on imposition of idealistic motion for the micro part and vice versa. Thus, the

simpli�cation and limitations of the problem only in�uence the reachable directions of

the macro part and prevent cyclic bouncing that can delay hydraulic actuators and create

imprecise measurements. Additionally, the manipulator was prevented from performing

unnecessary movements because of inadequate detection quality, possibility of camera

occlusion. This method is robust for single jumps in vision data and short-term occlusions.

5.3 Summary of P-IV: A Multistage Controller with Smooth

Switching for Autonomous Pallet Picking

The main contribution of this paper is an improvement of M4 pallet-picking method

by introducing Macro �Micro Multistage Controller for Mobile Manipulation ( M5). In

addition to cooperation between the macro and micro parts, the �eld robot's macro �micro

behavior was formulated based on changes in visual feedback uncertainty to allow the

pallet-picking process to begin from farther distances from the pallet (e.g., 4 �5 m) using

imperfect visual information.

An analysis of experimental errors presented in P-I and P-II highlights two contradictory

issues. To a certain extent, vision output improves when a robot is close to a target;

however, anAFS vehicle is not capable of fast corrections for lateral deviations from the

path or of following high-curvature paths. Generally speaking, car-like orAFS vehicles

are limited by a small turning radius, unlike di�erentially driven mobile platforms. This

limitation increases when a robot carries a camera and must perform sharp steering,
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which is more likely to occur when a pallet (i.e., a target) is out of the camera's Field

of View (FOV). To overcome these issues, this papers proposed an initial position

estimation as soon as vision feedback provides consistent output, which allows the robot

to incorporate both orientation and position information. Practically, the intermediate

stage only works at distances of0:5�1m; however, this does increase robot functionality

and robustness such that it can tolerate one meter more than the robot in P-II in each

direction. This considerable heading change improves critical curvatures on the planned

path and target visibility.

5.4 Summary of P-III: Fault Tolerant Control Architecture

Design for Mobile Manipulation in Scienti�c Facilities

This paper introduced the hardware and software architecture for theiMoro and described

the needs, requirements, and conceptual designs forMM s and remote handling in scienti�c

facilities, based on [54]. It described how to break down a mission into di�erent tasks,

and which subsystems are necessary for the autonomous functionalities of a service robot

for inspection and manipulation in restricted areas. Scienti�c facilities, such as CERN ,

have high-tech and expensive materials and test areas, in which human intervention can

be costly and must be As Low As Reasonably Achievable (ALARA ) [9] or As Low As

Reasonably Practicable (ALARP) [24].

Based on the common conditions of scienti�c facilities, if a robot is designed to reduce

human intervention, it must guarantee minimum functionality; thus, a service robot,

including the iMoro, should guarantee that it can exit the test bed, in this case CERN

tunnels, in case of mission failure. Because remaining as an external object in a test

environment is unacceptable due to the physical or environmental limitations of scienti�c

tests. Thus, this paper proposed a parallel logic and architecture, namely a safety anchor,

that guarantees minimum functionality. Since the proposed method has limited states and

conditions, it can achieve the third Safety Integrity Level (SIL)[59] certi�cation because

it implements safety components.

The paper also provided an analysis of the kinematic formulation of the robot to show

simpli�ed actuation of the mobile platform without a path-following controller and to

use the fault-tolerant method during mission failure to extract body inclination data

from steering and driving wheel states in one robot leg to prevent corruption of inverse

kinematics. Since the test case mobile platform is Four-Wheel Steerable (4WS), it has

at least one redundant leg; therefore, the experimental results showed reliable outcomes

even if one of the legs does not perform well during synchronized motion.
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5.5 Summary of P-V: Real-Time Vision-Based Navigation for

Nonholonomic Mobile Robots

The solutions of RP.I and RP.II were brie�y explained in previous papers for the Avant

test case. This paper experimentally veri�ed these ideas on an indoor robot test case using

the iMoro to extend these ideas to RP.II to gain better integration of visual feedback in

the control loop. It was shown that an eye-in-hand setup for a mobile platform can be

prone to synchronization errors even when common issues in visual feedback are ignored.

Thus, if the real-time PC receives fCg T fWg (as explained in Table 3.1) at time t, data

belong to the camera frame at timet � td, where td stands for variable delays caused

by processes, image grabbing, bu�ering, and communication in order of their role. This

means that the transformation matrix represents an object's pose with respect to an

imaginary camera behind the robot td seconds in the past. This e�ect proportionally

depends on a robot's velocity history for the pasttd seconds, which is converted from a

timing error into a positioning error.

The paper compensated for this error and proposed improvements for positioning accuracy

based on the concept represented in Eq.(3.2). The results showed the importance of

synchronization for high-speed motions of mobile bases. Thus, the solution made it

possible for the robot to grab an object with tolerances better than3cm solely using the

motion control of the mobile platform based on camera and wheel feedback.

5.6 Summary of P-VI: Vision-guided Autonomous Forklift

This paper targeted the architectural design and system structure of the Avant, which

is shown in Fig. 3.6. As an autonomous forklift, Avant's motion control subsystem is

commanded by aGUI and a global path planner. The control system receives feedback

from estimation and localization data based on a GNSS, IMUs, and wheel odometer, as

well as command actuator-level controllers. Safety or obstacle avoidance systems can

override the actions of this control system; thus, this paper proposed a Vehicle State

Machine (VSM) to manage these operations and, at the same time, exploit these systems

to convert the machine into a �exible AGV . Based on certain rules, an event-based work

�ow design was proposed to utilize pre-existing systems as a visual servoing controller.

The proposed multistate VSM used a three-step process of preprocessing, command

processing, and post processing. The paper proposed 3 �4 rules for each step to prevent

interference of roles in each subsystem. ThisVSM connected the vehicle subsystems

to the higher level planner and monitoring modules. The interface �agged higher level

modules, which was used for long-distance communication consisting of
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1. Busy the component is running a command or not available.

2. Free (6= Busy) the component is available for the next task.

Internal �ags can use more accurate descriptions for better coordination of actions among

lower level modules. Such �ags include the following.

1. Active The module can receive a command according to its internal state and

synchronization criteria with other modules.

2. Done The module's assigned task is accomplished, or it is no longer valid.

3. Release Accomplishment can be declared. The system is no longer busy with the

task.

4. Wait The module cannot be tasked due to its condition or because of interference

with other modules.

Based on these �ags, theVSM runs the planned actions in order; thus, if a pallet-picking

task is implemented in the system, the vision toolbox will be activated, and driving

will continue in a saved pose. As soon as the object is detected in the neighborhood,

the localization feedback will be overridden by the vision feedback causing driving and

manipulation modules to coordinated actions.

5.7 Summary of P-VII: Latencies and Noise E�ects in

Vision-Based Control of Mobile Robots

Based on the previous experiences explained in P-II, P-IV, and P-V, the e�cacy and work-

�ow for system decomposition was presented before this study. Using the same architecture

and formulation, it was possible to analyze measurement e�ects more accurately. Mobile

platforms are prone to shakiness due to imperfect localizations P-VI. Any assumptions of

continuity and well-behaved feedback in theMM control design are questioned due to

jumps of localization in indoor (e.g., P-V) and outdoor (e.g., P-I) conditions. The methods

addressed in the previous publications were more suited to outdoor conditions, in which

robustness imposes challenges for positioning precision. To extend the �ndings of P-IV to

indoor service robots (e.g., theiMoro), the fusion method proposed in this paper provides

signi�cant improvements. Commonly, service robots have better interceptive information

and lack of GNSS and the absolute positionsBOEX! (BOEX! ). Therefore, a method

was proposed to integrate visual feedback from long distances that were smoothened by

wheel odometer data to provide the control system with hard real-time absolute position

and orientation feedback. As shown in Figure 3.4a, theiMoro was capable of repeatedly
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gripping a gauge below3cm using only mobile platform motion. While the ODT camera

was working at a rate of 8FPS, this method was capable of generating feedback for a

200 Hz control system. By accurately rejecting outliers and considering range-dependent

noise, the mobile robot was capable of localizing itself with respect to a detected object

within 5m , with negligible oscillating behavior.
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Position-Based Visual Servoing for Pallet Picking by an
Articulated-frame-steering Hydraulic Mobile Machine

Mohammad M. Aref, Reza Ghabcheloo, Antti Kolu, Mika Hyvönen, Kalevi Huhtala, Jouni Mattila

Abstract— This paper addresses a visual servoing problem for
a mobile manipulator. Speci�cally, it investigates pallet picking by
using visual feedback using a fork lift truck. A manipulator with
limited degrees of freedom and differential constraint mobility
together with large dimensions of the machine require reliable
visual feedback (pallet pose) from relatively large distances.
To address this challenge, we propose a control architecture
composed of three main sub-systems: (1) pose estimation: body
and fork pose estimation in the pallet frame; (2) path planning:
from the current pose to the origin (pallet frame); and (3)
feedback motion control. In this architecture, the pallet becomes
the local earth �xed frame in which poses are resolved and
plans are formulated. Choosing the pallet as the origin provides
a natural framework for fusing the wheel odometry/inertial
sensor data with vision, and planning is required only once
the pallet is detected for the �rst time (because the target
is always the origin). Visual pallet detection is non-real-time
and unreliable, especially owing to large distances, unfavorable
vibrations, and fast steering. To address these issues, we introduce
a simple and ef�cient method that integrates the vision output
with odometry and realizes smooth and non-stop transition from
global navigation to visual servoing. Real-world implementation
on a small-sized forklift truck demonstrates the ef�cacy of the
proposed visual servoing architecture.

I. I NTRODUCTION

Visual Servoing(VS) or vision-based robot control found
a wide range of applications such as humanoid robots and
robotic manufacturing. VS is usually used in object detection
for manipulation or target tracking. In this study, we address
the problem of VS for a mobile manipulation task, namely,
pallet picking by a forklift truck. Because bulky and massive
materials are commonly handled on a pallet, automatic pallet
picking by a forklift truck has attracted considerable research
attention. The main challenge in this task is the reliable detec-
tion of the pallet while eliminating typical failures associated
with vision systems. To increase the robustness of vision,
previous studies have mostly used auxiliary sensors such as
laser pointers [1] or laser scanners [2]; another study [3]
applied a neural extended Kalman �lter for object detection.
In this study, we propose a fault-tolerant pallet pose (position
and orientation) estimation in which vision data is fused with
odometry and inertial measurements. The estimation output is
then used for VS and motion control.

VS can be classi�ed into three categories:Image-Based
Visual Servoing (IBVS), Position-Based Visual Servoing
(PBVS), and a hybrid of both. IBVS has been studied most
widely; it is based on the comparison of a desired image pose
and the current image to produce feedback [4]. Although it is

Authors are with Intelligent Hydraulics and Automation Department, Tam-
pere University of Technology, 33101, Finland.
Email: m.aref@ieee.org .

computationally expensive, it can be run in real-time through
certain approaches [5]. It is best suited to two dimensional
problems with initial knowledge of the depth or scale [6]
without having a large rotational movement [7]. IBVS is
mostly used for short distances and eye-in-hand applications
[8]. On the other hand, PBVS is based on the estimation of
the target pose using image features. Because pose estimations
(e.g., in Cartesian space) are provided in PBVS, the vision
output can be readily integrated with other sensor modalities.
However, the calibration of the extrinsic parameters of the
camera with respect to the robot body plays a signi�cant role
in the success of manipulation [9]. A hybrid method such as
21=2 D VS [9] combines both IBVS and PBVS methods to
extract the translational movement of a camera from the PBVS
method and its rotation in a two-dimensional image coordinate
system [10], [7]. Several studies have been reported in this
regard [10], [7], and an earlier one [11].

The present study focuses on mobile manipulation and
fusion of vision pose estimates with inertial sensors. We have
used an on-board monocular camera in combination with
�ducial markers on the pallet. The pose of the markers is
computed using the Alvar computer vision library [12] in a
non-real-time fashion. The integration of inertial sensors with
vision provides real-time pallet pose estimation even in the
event of extended delays in visual pallet detection or when
the view to the markers is blocked by the boom and fork. The
proposed method is general and should be independent of the
computer vision method used to detect the pallet pose.

Generally, in the PBVS method, an error vector based on
the current pose (from vision) and the desired pose of the end
effector (or the work tools) is calculated, and proper control
signals are generated to drive the error to zero. This error can
be de�ned in either the image frame, Cartesian body frame,
or both [13], [14], [15]. Contrary to common practice, in this
study, we propose a control architecture in which the pallet
frame plays the role of the reference frame or the origin with
respect to which all the errors are de�ned. After the pallet
is robustly detected for the �rst time (as explained later), the
control system switches to the pallet frame as a local frame.
Therefore, the target pose remain the same (i.e., the origin)
throughout VS. Our control architecture comprises three main
subsystems: (1) pose estimation: estimation of the body and
fork in the pallet frame; (2) path planning: planning a route that
leads from the current location to the origin; and (3) motion
control: path following and manipulator control. De�ning the
pallet as the origin has the advantage that path planning is
performed only once at the start when the pallet has been
detected, unlike in previous studies [16], [17].
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Fig. 1. The attached coordinate frames

The remainder of this paper is organized as follows. In
Section II, we de�ne the VS problem at hand and corre-
sponding error spaces related to the mobile manipulation
problem. In Section III III, we introduce the sensor system
(encoders, IMUs, and vision) required to address this PBVS
problem and we provide a fault tolerant solution to pallet
pose estimation. In Section IV, we describe the feedback
control laws that drive the errors to zero and solve this
PBVS problem. Finally, we examine the overall performance
of the proposed control system by experimental evaluation
on a forklift truck. In Section V we present the results and
demonstrate the capability of the proposed PBVS controller in
the presence of failures in marker detection, wheel slippage,
and kinematic constraints. The case study machine (Figure
1) is a small prototype wheel loader based on Avant 635
that was built at the Department of Intelligent Hydraulics
and Automation (IHA), Tampere University of Technology
(TUT), under the GIM project [18]. This machine is hereafter
referred to as the GIM mobile machine. The body of the
machine comprises two units, and steering is performed by
controlling the angle between the units; this is referred to as
articulated frame steering (AFS). Figure 2 shows a simpli�ed
model of the same. The manipulator manipulator has three
degrees of freedom-boom, fork, and telescopic boom-that can
be controlled independently [19].

II. PROBLEM DEFINITION

Automatic pallet picking is one of the functionalities of fully
autonomous heavy vehicles. It can be described as follows.
The approximate locations of the pallets are known in a

Fig. 2. GIM mobile machine with two body units pivoting around O

global map, and the machine can navigate such that it is near
the target pallet using standard global localization systems
such asGlobal Positioning System(GPS), inertial sensors,
and LIDAR-basedSimultaneous Localization and Mapping
(SLAM) [20]. However, most of these solutions are not
accurate enough for pallet handling tasks. When close enough,
with the aid of vision, the target pallet pose is estimated and
pallet picking is converted to a PBVS problem. We propose
a methodology to achieve robustness against vision failures
and describe a control architecture that realizes smooth and
non-stop transition from navigation in the global frame to VS
and leads the forks into the target pallet. Next, we introduce
the coordinate frames necessary to mathematically formulate
the problem.LetfIg denote the global frame. The body �xed
coordinate framefBg is attached to the midpoint of the front
axle as shown in Figure 1. The pose of the vehicle is de�ned
by a homogeneous transformation matrixI T B :

I T B (x; y; z; �; �;  ) =

2

6
6
4

I R B (�; �;  ) I P B

0 1

3

7
7
5

4� 4

(1)

in which the rotation matrixI R B de�nes the orientation of the
front unit as a function of�; � , and  ( roll, pitch, and yaw,
respectively). Moreover,I P B = ( x; y; z) is the position of the
body origin in the inertial frame. LetfPg andfFg denote the
pallet frame and the fork frame, respectively. They are de�ned
in such a manner that the control objective is achieved when
I T P = I T F , in other words, whenfPg and fFg coincide.
This should be clear from Figure 1. The manipulator has three
degrees of freedom. The boom can rotate around they axis of
the body and stretch in/out. Thus the generalized coordinates
of the boom are speci�ed in terms of the angle� 1 and length
L . The fork can only rotate around they axis of the body by
an angle of� 2. Thus, the fork in the body can be de�ned by

B T F = T (L; � 1; � 2) (2)

Manipulation is realized by controlling the boom angle, tele-
scopic boom, and fork angle byu1, uL , andu2, respectively.
Moreover, letus and uv denote the steering and speed com-
mands, respectively. The control objective is to devise control
laws for these �ve control signals such that

I T F = I T B (x; y; z; �; �;  ) B T F (L; � 1; � 2) (3)

coincides withI T P . It should be noted that the roll motion
� (rotation aroundx-axis of the pallet) is not controllable.
Therefore, we assume that the pallet has the same roll angle
as the ground, which then determines the roll angle of the
machine. To control the �ve remaining degrees of freedom
(three positions and two angles), we now divide the error space
into two orthogonal planes:

1) x � y plane error variables (x; y;  ) are controlled by
drive (us,uv )

2) x � z plane error variables (x; z; � ) are controlled by the
manipulator (u1, uL , u2)
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Clearly, there is a redundancy in the control space in that
x can be controlled by both the drive and the manipulator.
The accuracy of position control using the machine speed
is limited. Therefore,uv is used to drive the fork near the
pallet, and the manipulator is used if necessary to reduce the
remaining residual error to zero (usual less than 10cm). A
state-machine resolves this and other logical control issues.
Section IVdescribes the motion control solution, in which
a path-following strategy is introduced to address control
in the x � y plane and feedback laws are formulated for
the manipulator to control the errors in thex � z plane.
In Section III-B, we will show how dead-reckoning (wheel
odometry and IMU) can be used to improve visual feedback
and how the proposed VS can tolerate outdoor conditions
where marker detection can fail frequently and wheel slippage
is unavoidable especially in the snowy weather of Finland.

III. SENSORDATA AND STATE ESTIMATION

Figure 3 shows the mechatronic architecture of the GIM
machine, where the sensors, actuators, and computing units
are shown. Next, we describe the sensor information used in
the proposed control system.

A. Sensor Information

Visual. In order to observe thefPg frame, a set of markers
have been installed on the face of the pallet as shown on
Figure 1. By using a camera, the onboard pose of the markers,
and thus that of the pallet, that is,CT P , with respect to the
camera framefCg is determined. Therefore, the camera in
the body can be resolved if the calibration parameterB T C is
known:

B T P = B T C
CT P (4)

which de�nes the visual feedback. For image processing, we
have used the Alvar toolbox [12], an open-source augmented
reality library. It can be used to track �ducial markers based
on the known shape and size. It outputs the position and
the orientation of the marker relative to the camera. This
toolbox is capable of automatically tuning distortion and
intrinsic parameters for a pin-hole camera by detecting a
prede�ned checkerboard marker from �fty different poses. A
comparison of the calibration results shows that the calibration
of intrinsic parameters under indoor illumination conditions
(before installation on the vehicle) provides better results.
Other necessary measurements are performed using the wheel
encoders and inertial sensors.

Wheel encoders.Each wheel of the GIM mobile machine
is retro�tted with two hall sensors to construct an encoder with
a seventeen-teeth steel plate (for practical reasons). Owing
to the low resolution, pulse widths are measured. The speed
measurement is performed at 20Hz, and it is not valid for
speeds under0:25m=s. We never drive under this critical
speed.

Intrinsic Sensors.The body articulation angle is measured
at the rate of 100Hz using a resolver. An IMU is installed
near the midpoint of the front axle. It includes three-axes
gyros and three-axes accelerometers providing data at 500

Fig. 3. Part of control hardware architecture for GIM Machine

Hz. There are two other IMUs, one of which is installed on
the boom and the other, on the fork. Each includes one gyro
and two accelerometers assembled on three orthogonal axes.
These three IMUs are used to measure the boom and fork
angles with respect to the body. This mechanism is described
in Section III-B. The length of the telescope or boom extension
is measured using a potentiometer.

B. State Estimation

Body Inclination. The orientation of the body frame is
calculated in the quaternion representation using the IMU
installed on the front axle. The gyro and accelerometer sig-
nals are �ltered using a nonlinear complementary �lter on
the special orthogonal groupSO(3) proposed in [21]. The
�lter eliminates random noises and biases; however, it suffers
from gyro scaling factors. Additionally, when the machine is
stopped, a window averaging is used to eliminate the gyro
biases. Steady-state errors are less than0:5� which is tolerable
in our application. The fork and boom angles in the inertial
frame are also measured using IMUs by applying the same
complementary �lters about one axis. The fork and boom
angles in the body frame are then calculated by subtracting the
body pitch angle. More details on the use of inertial sensors in
mobile machine applications are found in [22]. In summary,
the outputs of the complementary �lters are roll� , pitch � ,
boom angle� 1, and fork angle� 2.

Dead-reckoningWhen the GIM machine moves on uneven
terrain, it is subject to motions in all directions. However, when
aggressive maneuvers are avoided during pallet picking, as in
our case, neglecting they and z components of the velocity
provides a good approximation. By this assumption, we use
the following kinematic equations for dead-reckoning [23]:

_x = vx cos� cos 
_y = vx cos� sin  
_ = ! z

cos �
cos � + ! y

sin �
cos �

(5)

Dead-reckoning involves integrating (5) to obtain at
x(t); y(t),and (t). Toward this end, we require the speedvx ,
and angular velocities! z and! y . Wheel odometry is simple,
inexpensive, and easy to accomplish in real-time. Because
the machine has four wheel drive (there are no free-wheeling
tires), and hydraulics �ows are not controlled independently,
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the wheels are prone to slip and skid. In [24], it is shown
how kinematics constraints on four wheel speeds and body
articulation angle can be used to detect slippage and improve
vx and ! z estimates. In the present study, by following a
similar idea, we have further used z-axis gyro measurements to
improve these estimates. The details of the same are omitted.
Variables ! y , � , and � used in (5) are the outputs of the
complementary �lter explained above.

Fault Tolerant Sensor Fusion and SynchronizationThe
dead-reckoning data is updated at 20Hz or every 50ms in
real-time. Experiments show that the time intervals elapsed
between two successful consecutive marker detections are
mostly around180� 200ms, and they can increase to1:5sec.
When the markers are visible, the success of detection depends
on the angle and distance to the markers and the camera
motion. Unfavorable conditions include a large distance to the
markers and fast steering/yaw motions. Fast yaw motions are
unavoidable when the machine approaches the pallet with large
initial errors in the y-axis or yaw angle. Owing to the size of
the machine and steering mechanism and the fact that markers
are reliably detected only when the fork is3� 4m away from
the pallet, tight maneuvers are often necessary. In this section,
we propose a state estimation �lter that addresses the problem
of marker loss situations, for example, in the case of fast yaw
motions or when the pallet is in “shadow”. Shadow situation
occurs at the last stage of operation when the boom and fork
block the view to pallet when the fork is around0:3m from
the pallet. The Alvar library also provides the process time,
which indicates how long ago the image of the corresponding
detection results has been acquired. These process time values
are 105-140 ms. The shorter the distance, the shorter is the
process time. The process time, denoted byTd, is used to
synchronize the vision data with dead-reckoning. This will be
explained below. Using wheel odometry and the IMU, dead-
reckoning and complementary �lters provide

I R B (t) = R z ( ) R y (� ) R x (� )
I P B (t) =

�
x y 0

� T (6)

with respect to some inertial framefIg which is the point
at which dead-reckoning integrators are reset. This can be
performed at any time before VS has started.

The output of the vision at timet is P T B (t � Td) as
calculated from (4). To synchronize the dead-reckoning and
vision, we store a series of[x; y; �; �;  ](k) : k = t; t � Ts; t �
2Ts; : : : , whereTs = 50ms. It should be noted that because
the pallet is not moving, P T I is constant. Every time the
object is detected, we calculate

P T I = P T B (t � Td) B T I (t � Td) (7)

If B T I at timet � Td is not available in the stored set, we make
a simple linear interpolation to calculateB T I (t � Td), that
is, [x; y; �; �;  ](t � Td) is calculated by linear interpolation
between two stored dead-reckoning data of the two closest
time instances. Then,B T I (t � Td) is calculated by (6).
However,P T I calculated from (7) is noisy. Averaging over
several instances has been shown to improve and considerably

smoothen the estimate. LetP T̂ I denote the average ofn latest
measurement ofP T I using (7). If the markers are found at
leastn times, the pallet tracking �lter is initiated and VS is
started. To recoverP T B (t) between consecutive instances of
marker detection, we can calculate

P T B (t) = P T̂ I
I T B (t) (8)

as fast as dead-reckoning is updated. This will provide a real
time fault tolerant feedback to the control system.

The outliers are eliminated in two stages. First, by using
knowledge of the approximate location of the target pallet,
we eliminate thoseP T B measurements that are out of bound.
Second, by using knowledge ofP T I being constant, before
averagingn measurements, we eliminate those that are too far
from the rest (using k-means clustering). Common faults such
as marker detection failure, faults, and error accumulation of
localization are partially canceled using the above-described
method. The length of the averaging window is obtained via a
trade-off. The longer the averaging sequence, the smoother is
the estimate. However, wide averaging window is not optimal,
because as the machine approaches the pallet, the vision data
become more accurate. Moreover, if we use an overly long
averaging window, the machine needs to go very slow to obtain
reliable feedback data suf�ciently early and to have room to
maneuver before getting too close to the pallet. Experience
shows that averaging overn = 5 latest measurements provides
a proper trade-off.

It should be noted that averaging over several rotation
matrices will not lead to a rotation matrix. One approach is
to keep the principal components of the resulting average.
Let us denoteR n = 1

n � k=1: n
P R I (k) and its singular

value decomposition byR n = USV T . ThenP R̂ I = UV T

is the closest rotation matrix toR n . There are two issues
worth mentioning. By averaging over 5 measurements, we
have assumed that the added error by dead-reckoning in �ve
consecutive measurements is negligible compared to the vision
errors. We have also assumed that the statistical properties of
vision errors remain the same. None of these assumptions are
correct, and this issue remains to be explored in future work.

IV. M OTION CONTROL

Recall that the control objective is to drive the fork frame
into the pallet frame; thus, the error can be de�ned by
translationP T F = P T B

B T F . We have already described
how measurementsB T F and P T B are generated at the rate
of 20Hz. See (2) and (8). As justi�ed before, we divide the
control space into two groups, and the errors are de�ned in two
orthogonal spaces. In other words, the manipulators solves the
pallet picking problem in thex-z planeand the drive-steering
solves the pallet picking problem in thex-y plane.

A. Manipulator Control

Toward this effect, we de�ne the errors in thex-z plane

e� = arg( P R F ; y )

ez = ( 0 0 1 )P P F

ex = ( 1 0 0 )P P F (9)
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where thearg(:; :) function returns the angle argument of the
rotation matrix around the axis de�ned in the second argument
(y-axis in this case).

The manipulator actuators are driven by the pressure-
compensated proportional valves and it is reasonable to assume
that

_� 1 = u1; _� 2 = u2; _L = uL ; (10)

where u1; u2; uL are the valve commands. Employing the
Lyapunov functionV = 0 :5k1e2

x + 0 :5k2e2
z + 0 :5e2

� , it can
be shown that the Jacobean-like control laws are as follows:

_� 1 = u1 = � kp1sat (� k1ex Lsin � 1 � k2ezLcos� 1)
_L = uL = � kp3sat (k1ex cos� 1 � k2ezsin � 1)
_� 2 = u2 = � kp2sat (e� ) (11)

The drive the errorse� ; ex , andez to zero. In the equations
above,

sat(a) =

8
<

:

1 if a > 1
� 1 if a < � 1

a otherwise
(12)

is a saturation function, and gainskpi ; i = 1 ; 2; 3 de�ne the
velocity bounds of the actuators and unit conversions.

B. Steering-Drive control

Owing to the non-holonomic constraints of the machine, the
control in the x-y plane takes a rather more complex structure.
When the pallet tracking �lter is initialized, the pallet pose
estimates are relatively accurate. A smooth pathpd is then
generated that extends from the current location[x init yinit ]
of the machine to the pallet frame, that is, the origin[0 0].
Recall that the errors and position[x init yinit ] are de�ned
in the pallet framefPg . In our experiments, we have used a
Bezier curve of order 4, with the following control points:

P1 = [ x init yinit ] ;

P2 = [ x init + 1 :4 0];

P3 = [ x init + 0 :7 0];

P4 = [0 0] (13)

This choice guarantees that pathpd is tangential to the x-axis
of fPg at its origin. Now, we de�ne the error(T R F ; T P F ),
wherefT g is a tangent frame to the path attached topd(� ),
where� 2 [0; 1] is the path parameter. It should be noted that
fT g coincides withfPg for � = 1 . The path following errors
can now be de�ned,

e = arg( T R B ; z) = arg( T R F ; z)

ex = ( 1 0 0 )T P B

ey = ( 0 1 0 )T P B = ( 0 1 0 )T P F (14)

Notice that errors in the yaw and y-axis are the same in the
body and in the fork frame. Therefore, if the machine follows
the path closely and the pose estimates are accurate enough,
the errors in the yaw and y-axis will be suf�ciently small when
the fork frame reaches the pallet. The error in the x-axis is
not relevant and as discussed before, the system is redundant

in this coordinate. It should also be noted that the closer the
machine to the pallet, the more accurate are the pose estimates.
Therefore, even if the trajectory of the body frame in the real
world is initially not the same aspd, it converges to it as the
pose estimation errors decrease.

De�nition: Path following problem.Design a control law
for steering signalus, to drive e andey to zero.

A solution to this problem is devised in [19], which can be
summarized as follows. We showed in [24] that the motion
of the front unit of the GIM machine closely follows the
kinematics

_x= vx cos 
_y= vx sin  
_ = ! z

(15)

and

! z=
l r _� + vx sin �
l f cos� + l r

; (16)

where � is the body articulation angle andl f ; l r are ge-
ometrical parameters (see Figure 2). Notice that (15) is a
simpli�ed version of (5) in the horizontal plane, but it is
accurate enough for feedback control. The solution in [24]
provides a control law for the desired angular velocity! c

z =
CP F (ex ; ey ; e )) , where the speedvx remains free and can be
controlled separately. Freedom in assigning the linear speed is
instrumental in our case, because without causing instability in
the path-following controller, the machine can be slowed down
or stopped. For example, in case the manipulator errors are
not yet small enough, collision with the pallet can possibly be
avoided. Now, given! c

z , we use (16) to calculate the required
steering valve command:

_� c = �
vf

l r
sin � +

�
l f
l r

cos� +1
�

! c
f

us = K _� c (17)

where we assumed that the valve command is proportional to
the speed of body articulation.

V. EXPERIMENTAL RESULTS

It is reasonable to assume that, in practice, the position
of the pallet is known with certain accuracy. In the case of
the GIM machine, the pallet locations are registered with
an accuracy of 0.5 m using on-board GPS and the inertial
navigation system after the last placement. This accuracy is

TABLE I

SUMMARIZED SPECIFICATIONS OFGIM M OBILE MACHINE COMPONENTS

Device Speci�cation Value
Wheel Radius r = 0 :32m
Vehicle Max. Speed 3:3m=s

l f 0:6m
l r 0:6m

IMU Gyro Angular random walk N IMU = 10 � 3
rad=sp

Hz

Bias instability B IMU = 10 � 6 rad=s
Time correlation TIMU = 750 s

Wheel Encoder Resolution 17 pulses=round
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Fig. 4. Marker detection output, raw data. Five representative tests

enough to send the machine to the proximity of the pallet, and
therefore, the face of the pallet is visible to the vision system.
Based on this observation, we have set our experiments
as follows. In all the test runs, the machine started from
different initial con�gurations at distances of 7-8 m in front
of the pallet and facing toward the pallet with different initial
headings. Initially, the lateral distances of the body frame
with respect to the center of the pallet were in the range of
1 m. The machine then moves in a straight line until the
pallet is detected and the pallet tracking �lter is initialized.
After the �lter is initialized, PBVS is activated. The on-board
camera was a Gima GO423C with1296� 966 resolution.
Recall that owing to the reduced number of pulses per
revolution of wheel odometry devices, speeds under0:25m=s
are not reliably measured. Therefore, in the experiments
reported in this paper, we have set the speed commands to
a constant value of0:3m=s or zero (stop). The actual speed
varied from 0:3–0:4m=s in the test runs. We conducted a
total of 13 experiments. The experiments were conducted
on a cloudy day between 14:00 and 15:00 in December
2012. A few of the �nal experiments were performed with
the machine's front lights on1. All the experiments were

1In this latitude, sun sets around 15:00 in December.

Fig. 5. Pitch angle errors, before and after �lter. Four representative tests

Fig. 6. Tracking �lter output. Five representative tests

successful. The tracking �lter was initialized at the following
distances (when the markers are detected the �rst �ve times):
[3:17; 3:63; 6:97; 3:66; 3:52; 4:09; 4:21; 4:09; 4:54; 3:35; 3:54; 4:30; 4:02]
m. The fork blocks the camera view or the
marker is lost at the following distances:
[0:31; 0:21; 0:36; 0:24; 0:36; 0:17; 0:29; 0:27; 0:25; 0:30; 0:21; 0:42; 0:60]
m.

Figure 4 shows the trajectory of the body frame in the pallet
frame in the x-y pallet plane. For clarity of presentation, we
show only �ve representative tests: two each starting from the
left and the right side of the pallet and one from the middle.
This �gure shows the marker detection output before �ltering.
It can easily be seen that detection is very unreliable at large
distances and that it improves as the machine approaches the
pallet. Figure 6 shows the same trajectories after �ltering.
Notice that how the trajectories have been smoothened out.
Figures 5, 7, and 8 show the pitch, yaw, and z-axis errors,
respectively, versus time for experiments 1-4 in four subplots
(the numbers correspond to the numbers in Figure 4). Some
observations can be made from these �gures. The tracking
�lter starts long after the vision output becomes available, and
it continues producing pose estimates even after the vision
output is not available. It is visually clear how the tracking

Fig. 7. Yaw angle errors, before and after �lter. Four representative tests

51



Fig. 8. Height errors, before and after �lter. Four representative tests

�lter has smoothened the vision output.

VI. CONCLUSION

In this paper, we introduced a position-based VS control
framework and a fault tolerant pose estimation algorithm.
This method was developed and experimented on a small-
sized forklift truck. The choice of the coordinate frames and
references provides a natural framework to divide the error
space into two orthogonal planes and to fuse the vision
output with the dead-reckoning data. One plane was then
controlled by drive-steering and the other, by the manip-
ulators. The redundancy resolution (along the x-axis) was
achieved by the state-machine (the details are omitted). Real-
world experiments showed the robustness and ef�cacy of the
methodology for the problem in hand. Future work includes
the optimal fusion of the image processing data with dead-
reckoning instead of averaging. A truly reliable integration of
vision into VS, especially in outdoor conditions, requires the
extension of the logic control and planning algorithm for better
exception handling. In real-world scenarios, there are always
broken pallets that make pallet detection a real challenge.
Alternative detection methods without the use of markers, for
example, using active sensors, will also improve the reliability
of the system. Further development of this work can be a
visual servoing platform to utilize a path follower controller
addressed in [25] for complex mobile robot architectures.
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A Macro-Micro Controller for Pallet Picking by an
Articulated-frame-steering Hydraulic Mobile Machine

Mohammad M. Aref, Reza Ghabcheloo, and Jouni Mattila

Abstract— This paper addresses the macro-micro con�g-
uration of a mobile manipulation problem for a forklift;
speci�cally, it investigates pallet picking with visual feedback.
A manipulator with limited degrees of freedom and differential
constraint mobility, together with the large dimensions of the
machine, requires reliable visual feedback (pallet pose) and
navigation from relatively large distances. It has been shown
that the problem can be divided into two parts in order to solve
the related issues based on path following theories and visual
servoing. Moreover, visual pallet detection is non-real-time
and unreliable, especially due to large distances, unfavorable
vibrations, and fast steering. To address these issues, we
introduce a simple and ef�cient method that integrates the
vision output with odometry and realizes a smooth and non-
stop transition from global navigation to visual servoing. Real-
world implementation on a small-sized forklift demonstrates
the ef�cacy of the proposed macro–micro architecture.

I. I NTRODUCTION

Visual Servoing(VS), or vision-based robot control, is
found in a wide range of applications, such as in humanoid
robots and robotic manufacturing. VS is usually used in
object detection, for manipulation or target tracking. In
this study, we address the problem of VS for a mobile
manipulation task, namely, pallet picking using a forklift.
Because bulky and massive materials are commonly handled
on a pallet, automatic pallet picking with a forklift has
attracted considerable research attention. The main challenge
in this task is the reliable detection of the pallet while
eliminating typical failures associated with vision systems.
To increase the robustness of the vision, previous studies
have often used auxiliary sensors such as laser pointers [1]
or laser scanners [2]; another study [3] applied a neural
extended Kalman �lter for object detection. In this study, we
propose a fault-tolerant pallet pose (position and orientation)
estimation in which vision data is fused with odometry and
inertial measurements. The estimation output is then used
for VS and motion control.

VS can be classi�ed into three categories:Image-Based
Visual Servoing(IBVS), Position-Based Visual Servoing
(PBVS), and a hybrid of both. A more detailed study on the
visual servoing backgrounds for pallet picking was studied
in [4].

The present study focuses on mobile manipulation and
the fusion of vision pose estimates with inertial sensors. We
have used an on-board monocular camera in combination
with �ducial markers on the pallet. The pose of the markers
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Fig. 1. The micro robot's coordinate frames.

is computed using the Alvar computer vision library [5] in
a non-real-time fashion. The integration of inertial sensors
with vision provides real-time pallet pose estimation, even
in the event of extended delays in visual pallet detection
or when the view to the markers is blocked by the boom
and fork. The proposed method is general and should be
independent of the computer vision method used to detect
the pallet pose.

In this study, we propose a macro-micro control architec-
ture in which the pallet frame plays the role of the reference
frame or the origin, with respect to which all the errors are
de�ned. After the pallet is robustly detected for the �rst
time (as explained later), the control system switches to the
pallet frame as a local frame. Therefore, the target pose
remains the same (i.e., the origin) throughout VS. De�ning
the pallet as the origin has the advantage that path planning
is performed only once, at the start, when the pallet has been
detected. Unlike in previous studies [6], [7], the macro part's
controller keeps the vehicle's path follower in the control
loop. Then, when the robot approaches the pallet, micro part
does the visual servoing.

The remainder of this paper is organized as follows. In
Section II, we de�ne the VS problem at hand and corre-
sponding error spaces related to the mobile manipulation
problem. In Section III, we describe the feedback control
laws that drive the errors to zero and solve this PBVS
problem. Finally, we examine the overall performance of
the proposed control system by experimental evaluation
on a forklift. In Section IV, we present the results and
demonstrate the capability of the proposed macro-micro
controller in the presence of failures in marker detection,
wheel slippage, and kinematic constraints.

The case study machine (Figure 1) is a small prototype
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