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Abstract

Industrial Robots (IRs) are typically employed as flexible machines to perform many types
of repetitive and intensive tasks within fenced safe areas, ensuring high productivity and
cost efficiency. However, their rigid programming approaches often pose challenges during
cell commissioning and reset, hindering the implementation of self-reconfigurable systems.
In addition, several production lines still need the presence of skilled operators to conduct
assisted assembly operations and inspections. This motivates the growing interest in the
development of innovative solutions for supporting safe and efficient human–robot col-
laborative applications. The manual guidance of the IR end-effector is a representative
functionality of such collaboration, as it simplifies heavy-part manipulation and allows
intuitive robot teaching and programming. The present study reports a sensor-based ap-
proach for enabling manual guidance operations with high-payload IRs and discusses its
practical implementation on a production cell with an extended workspace. The setup
features a KUKA robot mounted on a custom linear track actuated via Beckhoff technol-
ogy to enable flexible assembly and machining operations. The developed logic and its
software configuration, split into multiple control units to allow the manual guiding of
both the 6-axis IR and the linear track unit, are described in detail. Finally, an experimental
demonstration involving two users with different levels of expertise was conducted to
evaluate the approach during target teaching on a physical cell. The results showed that
the proposed manual guidance method significantly reduced task completion time by more
than 55% compared with the conventional teach pendant, demonstrating the effectiveness
and practical advantages of the developed framework.

Keywords: industrial robot; manual guiding; collaborative manufacturing; linear track;
human–robot interaction

1. Introduction
In today’s competitive market, the demand for small-batch production of customized

products is growing rapidly. Manufacturers must adapt to this trend by ensuring that
their production systems are highly flexible and capable of handling frequent changes in
production programs and schedules [1,2]. Driven by these requirements, the adoption
of Industrial Robots (IRs) has increased over the past decade, with global installations
exceeding 500,000 units per year in the 2020–2024 period according to the International
Federation of Robotics [3], representing more than double the figure recorded ten years ear-
lier. Nevertheless, while IRs inherently offer significant architectural flexibility due to their
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programmable nature and wide range of motion, their deployment is often constrained by
rigid programming methodologies. As a result, they often face challenges adapting quickly
to changes, limiting their effectiveness in dynamic manufacturing environments [4,5].

Despite the considerable advancements made in robot offline programming tools in
the last decade, which allow operators to simulate robot operations and generate near-ready
code with minimal debugging, challenges remain in the commissioning and calibration
phases of extended robotic systems. Discrepancies between virtual models and real-world
setups often necessitate manual adjustments, introducing inefficiencies and extending the
commissioning process [6]. This limitation highlights the necessity for more intuitive and
accessible robot programming methods and tools, allowing also industrial operators with
limited expertise to commission and reconfigure physical assets with minimal effort [7,8].
Such tools must allow IRs to be seamlessly integrated into new workflows, ensuring that
production lines can be updated efficiently without extensive downtime or specialized
expertise [9].

Collaborative robots have demonstrated the value of manual guidance (usually re-
ferred to as hand-guiding) as an intuitive programming method to teach points or execute
tasks by manually positioning the robot [10,11]. By enabling users to move the robot
easily and record procedures that can be automatically replicated, hand-guiding offers a
user-friendly programming mode that eliminates the need for advanced programming
expertise [12]. This capability, however, has largely been confined to low-payload robots
and constrained workspaces. In contrast, traditional high-payload IRs, which are widely
used in large manufacturing environments, still rely heavily on online programming via
teach pendants [13]. This conventional approach often leads to inefficiencies, prolonged
downtime, and limited adaptability to dynamic production demands [14]. Extending hand-
guiding functionality to this class of robots could revolutionize their application across
various tasks, including [15,16]:

• Teaching poses for complex paths or assembly operations: Operators could guide an
IR to precise locations for welding, painting, or machining tasks, eliminating the need
for extensive manual programming through teach pendants [17,18].

• Lifting and manipulating heavy objects: In industries such as automotive and
aerospace, IRs with hand-guiding capabilities could assist in handling bulky com-
ponents like engine parts, wings, or fuselage sections, reducing operator strain and
increasing throughput [19].

• Collaborative assembly tasks: IRs equipped with hand-guiding functionality can
enhance human–robot collaboration during assembly processes, such as position-
ing heavy components while human workers perform fine-tuning tasks or quality
checks [20,21].

Early studies [22] first demonstrated the feasibility of manually guiding industrial
manipulators using force/torque sensing, showing that intuitive, pendant-free program-
ming was possible. Later research focused on enhancing safety and interaction quality [23],
proposing adaptive admittance control for smooth and compliant motion, while other
works [24] extended this approach to higher-payload robots through an admittance-based
control scheme managing contact forces. Despite these advances, existing studies largely
address low- to medium-payload systems and do not consider scalability to heavy-duty
robots or extended workspaces requiring additional kinematic axes. Commercial manual-
guidance solutions are also available for certain industrial and high-payload collaborative
robots. For example, Comau Aura [25] integrates torque and proximity sensors to enable
safe hand-guiding with medium–high payloads, while FANUC offers a hand guidance
option for its standard manipulators [26], allowing pendant-free teaching through an ex-
ternal force/torque sensor. These examples confirm that manual guidance is both feasible
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and industrially relevant. However, existing implementations are proprietary, limited in
configurability, and not extensible to multi-axis or high-payload systems.

The introduction of hand-guiding to high-payload IRs also necessitates thorough con-
sideration of safety requirements [27]. Unlike collaborative robots, which are designed with
inherent safety features like force monitoring and impedance control, traditional IRs oper-
ate at high speeds and forces, posing significant risks in shared workspaces. Implementing
manual guidance in these systems requires additional layers of safety [28], i.e.:

• Sensor integration: Force and torque sensors are essential to detect operator inputs
and ensure the robot responds adaptively to manual guidance. Vision systems may
also be employed to monitor the workspace for potential collisions.

• Safety-rated control systems: The robot control architecture must support safety-rated
functionalities, such as monitored stops, safe speed limits, and power/force limiting,
to ensure compliance with standards like ISO 10218 [29] and ISO/TS 15066 [30].

• Workspace operational zoning: Defining safe zones and implementing virtual barriers
can help manage the interaction between humans and robots, particularly in dynamic
manufacturing environments.

• Risk assessments and certifications: Comprehensive risk assessments must be con-
ducted to identify potential hazards and implement mitigation strategies. Certification
processes ensure that the system meets industry safety standards.

Previous research has explored hand-guiding functionalities in IRs adopting either
sensor-less or sensor-based approaches. These studies have provided valuable theoretical
insights into control architectures and sensor integration but often lack practical implemen-
tation details, failing to address challenges encountered during real-world deployment or to
provide actionable guidelines for practitioners. Sensor-less approaches involve monitoring
and controlling processes without utilizing direct feedback from physical sensors [31–33].
These techniques rely on indirect measurements, algorithms, and models to infer necessary
information. In contrast, sensor-based approaches directly gather data through physical
sensors, enabling real-time feedback on various parameters such as force, torque, and
position. This direct feedback allows robots to perform more precise and adaptable tasks,
with modern IRs integrating Force/Torque (F/T) sensors for efficient operation manage-
ment [34–37]. However, sensor-based systems require calibration and necessitate robot
controllers that support real-time external interfaces.

In this context, the present paper proposes an approach to enable manual guidance in
high-payload IRs operating in extended workspaces [38]. This work advances the existing
literature by providing a detailed methodology and clear implementation steps for practical
applications. The main novel contributions are:

1. Extending manual guidance to robotic cells with large workspaces by integrating
control of a 6-Degrees-of-Freedom (DoF) serial IR and an additional custom designed
linear track positioner (1-DoF).

2. Providing an in-depth description of the proposed framework, detailing all experimen-
tal practices needed to establish logical connections between different control systems.

3. Validation and demonstration on a physical prototype, delivering practical insights
and deployment guidelines. The utilized setup includes a high-payload KUKA IR
featuring the Robot Sensor Interface (RSI) software package [39] and utilizes the
Beckhoff automation technology for the actuation of the additional linear axis.

The applied methodology streamlines human–robot interaction by significantly re-
ducing programming cycle time and simplifying the acquisition of robot targets necessary
during automated production cycles. The goal is to develop an easy-to-use approach
that enables seamless control of a high-payload IR, overcoming technological constraints
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typically encountered during the robot teaching process.
The remainder of the paper is organized as follows: Section 2 presents an overview of

the adopted approach, detailing the programmed operational modes and the setup config-
uration. Section 3 describes the mathematical model integrated into the manual guidance
logic and discusses its practical implementation. Section 4 focuses on the final validation
conducted on the physical robotic cell. At last, Section 5 provides the concluding remarks.

2. Approach Overview
The proposed framework is tailored for robotic cells featuring IRs operating in ex-

tended workspaces. It specifically addresses setups incorporating linear tracks to enhance
the robot reach, enabling flexible and precise manipulation across large areas [38]. The cell
considered in this work, depicted in Figure 1, includes a KUKA KR210 R2700 Prime robot
mounted on linear track system with 4.3 m of strokes actuated via Beckhoff technology.
The cell has a footprint of 9 m × 5 m, as shown in Figure 1c, and is primarily dedicated
to assembly and deburring processes. To support these operations, it is equipped with a
tool storage system housing a variety of tools for component handling and manufacturing
tasks, a stationary spindle, and a pick-up station, providing versatility and adaptability for
diverse applications. The specifications of all these components are detailed in Table 1.

Table 1. Characteristics of the commercial components installed in the robotic cell.

Device Model Characteristics

Robot
KUKA
KR210 R2700 Prime

Reach: 2.7 m
Payload: 210 kg
Mass (including box and cables): 1190 kg
Controller: KRC4 (KSS version 8.3.25)

Linear track Custom solution

Stroke: 4.3 m
Platform Mass: 940 kg
Servomotors: 2 Beckhoff AM8052
Drive units: 2 Beckhoff AX8118
Reducers: 2 Stoeber PH732 (red. ratio 25)
Rack-and-pinion: pinion radius of 53.05 mm
Controller: Beckhoff PLC CX5140

Tools
Schunk
Tool-1: PZN+240/2
Tool-2: PGN+380/2 & PGN+160/1

Mass Tool-1: 80 kg
Mass Tool-2: 60 kg

F/T sensor
Schunk
FTN SI-1800-350

Fx, Fy range: 0–1800 N
Fz range: 0–4500 N
Mx, My, Mz range: 0–350 Nm

Spindle
HSD
ES 939A 4P

Peak power: 13.5 kW
Speed range: 6000–24,000 rpm

The conceived manual guidance system allows operators to easily move the robot
and teach targets (e.g., for precisely engaging the tools during pick-and-place operations
in the storage, as shown in Figure 1b), streamlining cell calibration and commissioning. It
employs a sensor-based approach by integrating an F/T sensor at the robot’s end-effector,
positioned directly above the tool changer device [8]. This configuration ensures precise
measurement of the external forces (Fx, Fy, Fz, Mx, My, Mz), expressed in the sensor frame
shown in Figure 2. The force signals are processed by the Schunk NetBox unit, which
amplifies and converts the strain-gauge outputs into digital form. The processed data is
then streamed via Ethernet to the Beckhoff CX5140 Programmable Logic Controller (PLC)
at a fixed rate of 1 ms. At the PLC level, the digital force and torque values are made
available to the dedicated control module for real-time computation but also transmitted to
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the KUKA KRC4 controller via EtherCAT, enabling the execution of two operation modes
for hand-guiding the 7-DoF robotic platform (Figure 2):

(a) Linear Track Guidance (1-DoF): The robot remains fixed in its last pose while the
linear track moves to reposition the robot along the Y-direction of the robot base
frame. The real-time control loop runs on the PLC, which generates and sends
position commands to the Beckhoff AX8118 servo drives that operate the servomotors
actuating the linear axis. This mode allows the operator to move the robot along the
cell and teach positions along the linear track. It should be noted that in this operation
mode, the robot controller remains in a passive state, while the PLC receives from the
EtherCAT network the orientation data of the end-effector (A, B, C angles) provided
by the robot controller, which is required to correctly compute the current rotation
matrix and correctly interpret the force data sampled with the F/T sensor.

(b) Robot Guidance (6-DoF): The linear track remains stationary while the robot joints
are enabled to move. In this case the pose correction logic is running within the robot
controller (KUKA KRC4) and leverages the RSI package to process the real-time force
data received via EtherCAT from the PLC, adjusting the robot motion accordingly. In
this operation mode, the PLC acts solely as a data streaming unit, transmitting the
sensor signals without executing any correction logic.

Spindle

Linear 
Track Operator

Tool Storage

Robot 
ControllerCell PLC 

& Drive Units

Workpiece 

Industrial 
Robot

Gripper

F/T
sensor

Tool storage(a) (b)

4.3 m

2.7 m

Cell Boundaries

Robot reach

9 m

5 m

(c) (d)

3.38 m

0.35 m

Figure 1. Manual guidance in robotic cells with extended workspaces: (a) cell overview; (b) example
of pose teaching; (c) cell layout; (d) maximum vertical reach.

In both cases, the end-effector speed is dynamically adjusted based on the magnitude
and direction of the force exerted by the user and sampled by the F/T sensor in its local
reference frame [22], aligned with the robot tool frame (see Figure 2). The control logic,
whose schematic and mathematical formulation will be detailed in the next section, remains
identical in both modes and is distributed between the PLC and the KUKA KRC4 controller,
which operate autonomously and in a mutually exclusive manner.

To facilitate the operator task, a dedicated handling tool has been designed and
installed on the robot’s end-effector, fixed directly to the sensing flange of the F/T sensor.
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The tool, whose embodiment design is shown in Figure 3, includes two switches: one to
enable manual guidance, thereby disabling the default mode in which both the robot and
the linear track operate autonomously based on the loaded production code, and a second
switch to toggle between linear track guidance (option a) and robot guidance (option b).
An additional safety button is placed near the end-effector to ensure immediate shutdown
in case of emergency. Proper signal filtering and thresholding are also implemented within
the proposed control logic to ensure dynamic stability of the overall system, as detailed in
the next section.

(a) Linear track guidance (1-DoF)

Corr X Y Z A B C

X

YZ

Robot Base 
Frame

x y
z

Fx, Fy , Fz
Mx,  My , Mz

Force-based 
position 

correction logic

Corr Y

Force-based 
position 

correction logic

Drive 

PLC

RSI

F/T Sensor

(b) Robot guidance (6-DoF)

a

b

Enabling

O

KUKA KRC4

NetBox

Corr axes position

Drives 

Corr axis position

EtherCAT
Forces
(F, M)

Robot Pose
(A, B, C)

Ethernet(a)(b)

Figure 2. Functional schematic of the proposed manual guiding framework and operation modes:
(a) Linear track guidance (1-DoF) and (b) Robot guidance (6-DoF).

Industrial Robot

Operator
Handling 
Interface

Enabling 
Switches

Tool Changer 
Device

Force/Torque 
Sensor

(a) (b)

Figure 3. Embodiment design of the handling tool mounted at the robot end-effector: (a) overview
of the manual interface with details of the switches; (b) bottom oriented view illustrating the tool
changer device.

Overall, the intuitive design of the handling tool enhances user interaction and safety,
enabling effective manual guidance for teaching tasks across the robotic cell. This approach
simplifies the teaching of critical positions, enhancing the usability and adaptability of
high-payload IRs in diverse applications.
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3. Modeling and Procedure
3.1. Sensor-Based Guidance

As illustrated in Figure 2, the implemented logic utilizes an F/T sensor to detect user
inputs and determine the corresponding spatial movement of the robotic system. The
sampled external force data (Fx, Fy, Fz, Mx, My, Mz), which also comprises unnecessary
contributions, is processed using the following formulas to derive the effective guiding
(i.e., user-applied) forces and torques (Fg,X, Fg,Y, Fg,Z, Mg,X, Mg,Y, Mg,Z), expressed in the
robot base frame OXYZ: Fg,X

Fg,Y

Fg,Z

 = Rb
s

Fx − Fx0

Fy − Fy0

Fz − Fz0

−

 0
0

wtool

 (1)

Mg,X

Mg,Y

Mg,Z

 = Rb
s


Mx − Mx0

My − My0

Mz − Mz0

−

 0 −zCoG yCoG

zCoG 0 −xCoG

yCoG xCoG 0

Rb
s

T

 0
0

wtool


 (2)

with

Rb
s =

cAcB cAsBsC − sAcC cAsBcC + sAsC

sAcB sAsBsC + cAcC sAsBcC − cAsC

−sB cBsC cBcC

 (3)

representing the rotation matrix describing the orientation of the F/T sensor frame (oxyz)
with respect to the robot base frame (OXYZ), computed with angles A, B and C following
the Euler ZYX convention. Naturally, the entire vector of values is only to be considered
when activating the robot guiding (6 controlled DoF, i.e., option b in Figure 2) while only
Fg,Y is calculated at PLC level during linear track guiding (option a). In the previous
formulas, Fx,0, Fy,0, Fz,0, Mx,0, My,0, Mz,0 indicate the residual values read from the sensor in
no-load conditions, xCoG, yCoG, zCoG are the coordinates of the tool center of gravity with
respect to the F/T sensor frame and wtool is the tool weight. In Equation (3), the symbols
c and s respectively indicate cos and sin. The values resulting from Equations (1) and (2),
updated cyclically within the control unit (see Figure 4, related to the option b with 6
DoF), are then further elaborated to ensure proper stability and avoid unstable dynamic
conditions. In particular a low-pass filter with a cut-off frequency of 5 Hz is applied to
reduce their spectral content and prevent them from inducing a dangerous vibratory state
in the robotic system. Indeed, as documented in previous studies (see, e.g., Refs. [40,41]),
this class of IRs typically present natural frequencies that range between 7 Hz and 25 Hz.
Apart from the inertial and stiffness properties of the robot mechanics (links, joints, gravity
balancer, etc.), such frequencies depend on the assumed kinematic configuration, which
means they vary during operation. Therefore, the cut-off frequency of the applied filter
must be selected carefully.

The filtered signals are then passed through a saturation module, which outputs only
values within specified ranges (2 N ≤ Fg ≤ 80 N and 0.25 Nm ≤ Mg ≤ 5 Nm). This ensures
that forces and torques outside such intervals have no effect. At this point, the consequent
pose corrections (i.e., increments) are calculated as:∆X

∆Y

∆Z

 = KT

Fg,X

Fg,Y

Fg,Z

 (4)
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and ∆C

∆B

∆A

 = KR

Mg,X

Mg,Y

Mg,Z

 (5)

where KT (Translation) and KR (Rotation) are proportional gains, to be experimentally
tuned also based on the imposed cycle time [42]. The resulting position and orientation
increments (∆ values in Equations (4) and (5)) represent the output of the manual guiding
logic module and are directly fed into the subsequent control module, aimed at executing
the requested action at joint level. This could either be the inverse kinematics module in
the robot controller (option b) or the servomotor drive units employed in the linear track
system (option a). It should be noted that, in the latter case, the implemented control logic
will only compute ∆Y to correct the position of the linear track.

Overall, by implementing a controller aimed at dynamically correcting the Cartesian
position and orientation of the end-effector at each cycle, the user-applied guiding forces
(Fg) and torques (Mg) directly modulate the translational (vg) and rotational (ωg) velocities
of the end-effector. This occurs as the computed increments are processed at a fixed time
rate, corresponding to the controller cycle time.

Fx, Fy, Fz
Mx, My, Mz

xCoG, yCoG, zCoG

wtool

Fx,0, Fy,0, Fz,0

Mx,0, My,0, Mz,0

DIGIN
(Input data 

from EtherCAT)

SEN_PREA
(Values 

retrieved from 
KUKA internal 

variables)

Fg,X, Fg,Y, Fg,Z

Mg,X, Mg,Y, Mg,Z

Compute
(Eq.1)Rs

b

Compute
(Eq.2)

TRAFO_ROBFRAME
(Current rotation matrix 

F/T sensor base frame)

PT1
(Low-pass filter)

∆X,∆Y, ∆Z

∆A,∆B, ∆C

KT

KR Compute
(Eq.5)

Compute
(Eq.4)

Update
Robot
Pose

POSCORR
(Pose correction)

From preliminary load sensing test

F/T sensor data
(real-time)

Manual guiding force computation 
(real-time) Robot pose correction (real-time)

Filtering
&

Thresholding

Figure 4. Schematic of the RSI 6-DoF correction logic within the KUKA KRC4 controller. The colors
identify the different signal processing steps.

3.2. Practical Implementation

As evidenced by the reported mathematical model and with reference to the schematic
reported in Figure 4, establishing the forces exerted solely through the operator’s manual
action requires the comprehensive understanding of the sensor offset values (Fx-y-z,0 and
Mx-y-z,0) as well as the center of gravity (xCoG, yCoG, zCoG) and weight (wtool) of the tool
being moved. In practice, these parameters are to be preliminary assessed via a dedicated
load sensing procedure (as discussed in Ref. [43]) and saved into global variables to be
either recalled within the robot controller (option b) or transferred via dedicated signals
to the PLC managing the linear track (option a). With reference to Equation (1), for the
manual guidance of the linear track the required information is limited to Fx-y-z,0 as the only
computed contribution will be Fg,Y. However, also the end-effector orientation (expressed
in KUKA via the A, B, C angles) must be communicated to the PLC so that to properly
compute the current rotation matrix Rb

s (see Equation (1) and Figure 2).
The 6-DoF correction logic, illustrated in Figure 4, has been implemented into the

KRC4 controller following the approach described in Section 3.1 and leveraging the KUKA
RSI package. This enables advanced real-time motion planning by integrating real-time
external data into the control loop. The logic is defined within the RSI programming shell
using the following commands [39]:
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• DIGIN: reads values (sensor data) from I/O modules;
• SEN_PREA: reads values stored in the KUKA programming environment (e.g.,

global variables);
• TRAFO_ROBFRAME: retrieves current transformation matrix between two frames (Rb

s );
• PT1: applies a low-pass filter;
• POSCORR: performs Cartesian pose correction with respect to either the robot base

frame (as described in Equations (1)–(5)) or the tool (sensor) frame.

The PT1 filter contributes to stabilizing the system and improving the smoothness of
the manual guidance, enhancing operator safety. In this regard, the POSCORR block allows
the specification of minimum and maximum correction values for each cycle, thereby
limiting the velocity and preventing potential damage while serving as an additional safety
function. In this work, these limits were set to ±0.3 mm and ±0.1◦. Moreover, the operator
can, in any case, activate the safety button placed near the end-effector to ensure immediate
shutdown in case of emergency, as discussed in Section 2. The RSI project is configured
to run with the IPO_FAST setting, namely with a cycle time of 4 ms. The position and
orientation corrections, expressed in the robot base frame, are configured in relative mode,
which indicate that the specified values are incrementally added to the previous pose.

A different programming approach is employed for the linear track guidance, where a
specific function block has been developed in structured text and uploaded on the Beckhoff
PLC. The previous discussed pose correction logic (see Figure 4) has been adapted to the
single DoF (Y-axis) by utilizing only Equations (1) and (4) to derive the Cartesian translation.
By considering the adopted mechanical transmission, which consists of a rotary reducer
and a rack-and-pinion conversion mechanism, the computed correction (∆Y) is converted
into a rotational input for the rotary servomotors as follows:

∆θ =
i∆Y

rpinion
(6)

where i = 25 is the reducer reduction ratio, whereas rpinion = 53.05 mm is the radius of
the pinion engaging the rack (see Table 1). The angular position increment ∆θ is cyclically
transmitted (every 1 ms) via EtherCAT to the drive units, where the position control
loops are closed. In line with the previously discussed RSI scheme, the PLC-based control
framework implements proper signal filtering and saturation on the computed ∆θ to avoid
instability in the mechatronic system and to ensure operator safety.

The proposed software frameworks are shared in the Github repository (https://github.
com/XiLab-Robotics/Hand-Guiding-IR-ExtendedWorkspaces.git, accessed on 18 October
2025) to easy reproduction and future development.

3.3. Load Sensing

As revealed by Equations (1) and (2) and further discussed in Section 3.2, both the
implemented logic schemes (mode a on PLC, mode b on RSI) require the values of Fx-y-z,0.
Furthermore, the RSI-based version also requires Mx-y-z,0, xCoG, yCoG, zCoG and wtool to
properly compute the 6-DoF correction. To effectively assess these quantities, while consid-
ering the dynamic nature of signal offsets and the need to accommodate various tools at the
end-effector, an automatic load sensing procedure has been implemented. The procedure
involves positioning the robot in different poses by re-orienting the attached tool (and thus
the F/T sensor) and computing the value for each force and torque component across the
different directions. Specifically, once the robot is stabilized in each of the commanded
poses, the RSI is activated for 5 s recalling a purposely defined RSI measurement project
that samples real-time data through the F/T sensor and writes the averaged values on
pre-determined local variables (MAP2SEN_PREA command). Afterwards, the script pro-

https://github.com/XiLab-Robotics/Hand-Guiding-IR-ExtendedWorkspaces.git
https://github.com/XiLab-Robotics/Hand-Guiding-IR-ExtendedWorkspaces.git
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ceeds with the estimation of the unknown parameters, which are subsequently stored into
global variables that will regularly assessed from the controller during the effective manual
guidance operation.

As illustrated in Figure 5, three poses were strategically selected by fixing the first
three joints at (0, −90, 90) and orienting the tool with the last three joints set to (0, 0, 0),
(0, 90, 0) and (90, 90, 0). These poses respectively align the positive x-, z-, and y-axis of the
F/T sensor with the direction of gravity. The following parameters are recorded during
the experiment:

• Pose 1 → Fz0, Fx,P1, Mx0, My,P1, Mz,P1

• Pose 2 → Fy0, Fz,P2, Mx,P2, My,P2, Mz0

• Pose 3 → Fx0, Fy,P3, Mx,P3, My0, Mz,P3

Here the subscript P1-2-3 associates the measurements with the corresponding robot
pose. Using these inputs, which are temporarily stored in local variables of the robot
program, the tool weight is estimated for each commanded pose by considering the force
component measured along the gravity direction (e.g., Fx,P1) and subtracting the corre-
sponding initial sensor offset (Fx0). The results obtained from the three tests are then
averaged as follows:

wtool =
|Fx,P1 − Fx0|+

∣∣Fy,P3 − Fy0
∣∣+ |Fz,P2 − Fz0|

3
(7)

The coordinates of the center of gravity are then calculated as:

xCoG =

(
My,P2 − My0

)
+ (Mz,P3 − Mz0)

2wtool
(8)

yCoG =
(Mz,P1 − Mz0) + (Mx,P2 − Mx0)

2wtool
(9)

zCoG =

(
My,P1 − My0

)
+ (Mx,P3 − Mx0)

2wtool
(10)

As evident in Equations (7)–(10), the redundancy in the recorded data is leveraged to obtain
averaged values, enhancing the robustness of the results. Naturally, the procedure is to be
repeated for each of the utilized tools, including the situation where only the handling tool
is attached to the end-effector (as depicted in Figure 1). The obtained results are then stored
into global variables which can be recalled from any robot script or directly transferred to
the PLC. Figure 6 presents an example of load sensing assessment, conducted without any
gripping tools attached to the end-effector. The plot illustrates the force signals recorded for
three poses, specifically highlighting the net levels obtained by subtracting the initial offset
Fx0, Fy0 and Fz0. As it can be seen, the calculated wtool is 142 N, representing the concurrent
contribution of the installed handling device (Figure 3) and the tool changer device.
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Pose 1: {0,−90,90,0,0,0} Pose 2: {0,−90,90,0,90,0} Pose 3: {0,−90,90,90,90,0}
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Figure 5. Robot poses commanded during the load sensing procedure.
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Figure 6. Evaluation of tool weight during the load sensing for each robot pose.

4. Experimental Testing
The proposed framework has been experimentally validated through a series of

manually guided movements on the physical cell. As illustrated in Figure 7, the pose
teaching starts at the home pose, sequentially enabling the linear track guidance and
the robot guidance to rapidly approach the tool storage area. During this process, the
operator successfully taught three targets for the precise picking and releasing of the three
gripper tools, which were recorded for use in future robot programs. This was achieved by
manually activating a digital input in the RSI project and utilizing the POSACT command
to store the current pose, expressed in the robot base frame, into new variables. These
recorded points define the sequence of positions the robot follows during its production
cycle to correctly pick or release the tools in the storage. During the test, the forces and end-
effector velocities were saved using the KUKA tracing function. Figure 8 presents a portion
of the experiment that highlights the computed guiding forces and the corresponding
translational velocities during the robot guidance.

To quantitatively assess the advantages of the proposed manual guidance approach,
the experiment described above was carried out involving two users with different experi-
ence levels, namely an expert and a non-expert operator. The users were asked to teach
the three targets within the tool storage area using both the conventional teach pendant
interface and then the proposed hand-guiding control mode. Each test was repeated five
times per user and per method, and the average completion times were computed. The
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results, summarized in Table 2, clearly show that both users benefit from the manual
guidance approach, which significantly reduces the time required to complete the teaching
task. In particular, the expert user achieved a time reduction of approximately 56%, while
the non-expert user experienced an even greater improvement of 63%.

Overall, these results confirm that the proposed framework not only ensures stable
and intuitive control but also substantially enhances human–robot interaction efficiency,
reducing setup times for industrial tasks such as target teaching and path definition.

Table 2. Comparison of target teaching completion times for expert and non-expert users in a
pick-and-place task.

User Teach Pendant Time Manual Guiding Time Improvement

Expert operator 7 min 20 s 3 min 14 s 55.9%

Non-expert operator 11 min 52 s 4 min 23 s 63%

Linear track guidance Start robot guidance

Storage approaching

Pose teaching

Figure 7. Physical test on the robotic cell.
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Figure 8. Extracted guiding forces and imposed velocities of the end-effector during the tool storage
approach phase.
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5. Conclusions
The paper reports an engineering method for enabling manual guidance on high-

payload IRs, with a specific focus on setups implementing external additional axes to
extend the cell workspace. The approach leverages an F/T sensor mounted on the robot
end-effector to perform online corrections of the robot pose, supporting two operational
modes with either the linear track or the robot moving. A common control logic is devel-
oped and integrated into the commercial controllers, namely a KUKA KRC4 controlling the
6 axes of the manipulator and a Beckhoff PLC dedicated to the additional linear axis. The
logic is further elaborated to operate safely and update the robot pose without inducing
unstable dynamic conditions. All the implementation steps are described in detail to auto-
mate the procedure and facilitate its reproduction on a variety of commercial controllers,
including a load sensing procedure aimed at assessing the mass properties of the attached
tool, thus allowing the accurate computation of the operator’s guiding force. The proposed
approach has been validated on the physical cell by replicating a standard target teaching
scenario, namely a common task performed by the operator during initial cell calibration
or production resets. The performance of two users with different levels of expertise was
evaluated, revealing that the use of the manual guidance method reduced the task comple-
tion time by more than 55% for both users compared with the conventional teach pendant,
thus confirming the effectiveness and practical advantages of the developed framework.

Future developments will focus on integrating impedance-learning strategies into the
proposed architecture to further enhance compliance and safety during contact-intensive
manual guidance tasks, thereby extending its applicability to a broader range of indus-
trial scenarios.
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