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Spatial Iterative Learning Control with Human
Guidance and Visual Detection for Path Learning

and Tracking
Jingkang Xia, Yanan Li, Senior Member, IEEE, Deqing Huang, Senior Member, IEEE, Jinlong Yang,

Xueyan Xing, Lei Ma, Member, IEEE

Abstract—A popular path learning method is to use off-line
programming by demonstration (PbD) to plan a rough path,
but it is subjected to uncertainties in the environment so needs
to be updated during the task execution. For this purpose, a
spatial iterative learning control (sILC) is developed to learn
an accurate path through intuitive online correction based on
human-robot interaction (HRI). To improve the efficiency and
accuracy of the path learning, a visual assistance system is added
to HRI, which helps the robot to find the initial path point and
complement the correction of the learning error. This method
mitigates the requirement on classic ILC that the time period
should be consistent in the repetitive interaction task and utilizes
the complementary advantages of vision and force sensing, thus
addressing the limitations of the vision-based or HRI methods.
The rigorous proof of learning convergence and the results of
the simulation and experiments on a 7-degree-of-freedom (DoF)
Sawyer robot platform illustrate the significance and advantages
of the proposed method.

Note to Practitioners—The problem of accurate path learning
of robotic manipulators is addressed in this paper, which is found
in ample applications such as welding and laser cutting. When
the required path is irregular, it is difficult to define it based
on offline programming and calibration. This paper presents a
new human-robot interactive learning framework, in which the
interaction force and machine vision are combined with sILC to
achieve online detection and correction for learning and tracking
an unknown path. This framework leads to an intuitive human-
robot collaboration system where the human operator can fine
tune the robot’s motion through direct physical interaction, and
at the same time the robot improves its tracking performance
automatically based on visual servoing.

Index Terms—human-robot interaction (HRI), spatial iterative
learning control (sILC), path learning, visual assistance system.

I. INTRODUCTION

Human-robot interaction (HRI) is becoming a research trend
for robots to learn human’s skills and complete complex tasks,
due to increasing demands for robots in the application fields
such as rehabilitation therapy, surgery, assembly, etc [1]–[3].
In many tasks, robots are required to get in contact with
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their human partners or surrounding environments, so control
methods are proposed for understanding human intentions and
enhancing learning of the environments [4]–[6].

Figure 1. Human-robot interaction scenario where the desired path is
unknown to the 7-DoF Sawyer robot, and it can be learned through human
guidance and visual detection. O-xoyozo is the robotic base coordinate
system, and A-xAyAzA is the task coordinate system.

As shown in Fig. 1, the desired path is unknown to the robot,
and programming by demonstration (PbD) is a frequently used
method that allows the robot to learn it by following human
guidance. Under PbD, human operations such as reaching
waypoints can be recorded, and the robot can playback the
recorded path and other operation features [7]–[9]. However,
using PbD to record and playback waypoints like [10] usually
has low tracking accuracy in path planning, since the key
waypoints are often lacking or missing. In order to improve the
accuracy and robustness, learning from demonstration (LfD)
is developed for training robots to perform low-level tasks
involving path learning, thus avoiding the accidental errors or
missing key waypoints when using PbD. For instance, [11]
proposed LfD by averaging trajectories (LAT) to generate a
smooth trajectory on a service robot; [12] proposed a motion
planning framework with functional gradient optimization that
incorporates human demonstrations; [13] presented an LfD
method which can learn the desired path through multiple
off-line teaching process by integrating dynamic time warping
(DTW) and Gaussian mixture model (GMM); [14], [15] pro-
posed an LfD strategy with reinforcement learning that enables
the robot to learn a certain desired behavior by repeatedly
interacting with the environment or the human user. LfD or
PbD offers an intuitive way to specify the desired path simply
by demonstrating it. However, it cannot achieve accurate
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tracking of a specific task path due to inevitable errors in
human demonstrations. In addition, LfD and PbD are mostly
based on off-line learning and programming, which cannot
deal with uncertainties during operations.

Inspired by the LfD with reinforcement learning, the hu-
man user’s desired behavior can be learned through repeated
demonstrations, so an iterative learning control (ILC) scheme
is developed to learn the desired path of a human user.
ILC is a mature control strategy for trajectory tracking by
improving the performance using previous tracking errors in
an iterative manner [16]–[18]. It was designed for precision
motion control, where the objective was to track a predefined
trajectory or reach a target position [19], [20]. It was also
studied in robotics including physical HRI [21]–[23], but the
control objective was to track a known trajectory or reference
model. However, in many HRI tasks, the robot’s reference
paths cannot be predefined and should be learned through
repetitive interaction with its human partner. Therefore, one
aim of this paper is to formulate the ILC problem in the
repetitive HRI tasks. The idea is to update the robot’s reference
path by using interaction force, which partly reflects the human
user’s knowledge of the desired task path. Similar ideas have
been explored in [24]–[27] and proved to be valid for HRI.

For HRI tasks involving a human user, the assumption
that the environment parameters are periodic with a fixed
time duration T in [24] may not hold, e.g. uncertainties and
inconsistent speeds of the human user in each iteration may
lead to varying time durations. To apply the ILC scheme,
we have to solve the problem of varying iteration periods.
Research effort has been made to address this problem for
ILC [28], [29]. In particular, [28] introduced an ILC scheme
based on an iteratively moving average operator for nonlinear
dynamic systems with randomly varying iteration periods.
Based on this method, the related ILC method was proposed
for trajectory tracking in HRI [30]. However, the assumption of
normal distribution of iteration periods restricts the application
of the methods in [30]. Thus, [31] proposed an ILC combined
with Adam optimization algorithm to learn the waypoints
of the desired path in HRI. These methods achieved good
results of path learning, without a high precision. In this
paper, we will introduce a novel approach for path learning
based on sILC [32], [33] that addresses the limitation due
to varying iteration periods. It will be demonstrated to have
better performance than the existing ones in terms of learning
efficiency and control precision.

In addition, considering that the initial reference path has
an influence on the convergence rate of sILC [34] and the
interaction force model is subjected to human uncertainties,
we introduce a visual assistance system to generate the initial
path and complement the correction of the updated refer-
ence path. Machine vision is a common method in object
classification, object localization and pose estimation [35]–
[38]. In [39], [40], a robot trajectory localization method
based on machine vision is proposed to sample and fit the
desired continuous trajectory. [41] proposes a vision-based
measuring system for online welding path inspection in order
to acquire continuous information about the welding path and
welding direction. [42] proposed a hybrid offline programming

method systematically combining vision-based, CAD-based,
and vision-CAD interactive activities to obtain the workpiece
position, plan a welding path according to the CAD models,
and compensate for the deviations caused by assembly. Despite
strong capability of model recognition and 3-D reconstruction,
machine vision is subject to limitations that can be addressed
by this research. First, the machine vision method requires a
careful calibration and an appropriate field of view for the
camera to capture the complete path or workpieces, which is
not always possible. Second, if the background of the captured
image is complex, computer vision may fail in extraction of
the path or workpieces. Third, it may be too costly to get CAD
models when manufacturing small-batch products. In fact, if
the visual system can get an appropriate angle and extract a
rough path and calculate the tracking error, then it can serve as
the initial path for online correction in our sILC-vision method
and thus improve the efficiency to learn the desired path.

The contributions of this paper are as follows:
1) A novel sILC scheme is designed for path learning task in

an HRI system. Firstly, it avoids the traditional assump-
tion of fixed iteration time periods; secondly, through
model transformation, the interaction force is used in
iterative learning to transfer the human’s task knowledge
to the robot.

2) A visual assistance system is introduced to the HRI
system for detecting the initial path and making online
correction of the reference path, improving the accuracy
of path learning and speeding up the convergence of the
proposed sILC. It mitigates the effects of uncertainties
due to human vision and motor control noises.

3) The developed sILC with visual assistance framework is
implemented on a 7-DoF Sawyer robot for path learning
tasks. The experimental results demonstrate the validity
of the proposed methods. Compared with PbD method
in [13] and machine vision-based method in [39], the
proposed method has better path tracking performance
and learning efficiency.

In the rest of the paper, problem formulation is discussed
in Section II, by analyzing the system dynamics and listing
relevant assumption, definition and remark. In Section III, the
proposed method is elaborated. In Section IV, the results of
simulation and experiments on the 7-DoF Sawyer robot are
analyzed. In Section V, the main conclusions are drawn. At
last, the convergence proof is presented in Appendix.

II. PROBLEM FORMULATION

In this paper, we consider an HRI scenario as shown in Fig.
1 where the end-effector of the robot arm needs to comply
with the human intention to track a desired path. The human
intention is implicit and partly reflected by the interaction force
between the human partner and the robot that can be measured
by a force/torque sensor at the end-effector of the robot. There
is a binocular camera to assist the robot in detecting the initial
path and correcting path learning errors. Our objective is to
design a path learning scheme for the robot, which can make
the robot learn the desired path and guarantee that: 1) the
uncertainty in the human partner’s motion will not affect the
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tracking accuracy of the robot; and 2) the interaction force can
be finally reduced to zero, thus, the robot can autonomously
track the desired path. Next, we will introduce the dynamics of
the robotic arm and the interaction force model. The dimension
and the physical meaning of all important variables used in this
paper are summarized in Table I.

A. System dynamic model

It is often desirable to describe the robot’s dynamics in
the Cartesian space for the convenience of analysis, when the
interaction takes place at the end-effector. The robot dynamics
in the Cartesian space are given by

HxẌ + CxẊ + Gx = J−Tu + Fh (1)

where X, Ẋ, Ẍ ∈ Rn represent position, velocity and accelera-
tion vectors of the end-effector, respectively; Hx ∈ Rn×n is the
symmetric positive definite mass matrix; CxẊ ∈ Rn, Gx ∈ Rn

denote the Coriolis and centrifugal force, and gravity, respectively;
Hx ∈ Rn×n is the symmetric positive definite mass matrix;
CxẊ ∈ Rn, Gx ∈ Rn denote the Coriolis and centrifugal force,
and gravity, respectively; u ∈ Rm is the joint torque applied by
the robot’s actuators and m represents the number of the robot’s
joints; J ∈ Rn×m is the Jacobian matrix with full row rank and
J−T ∈ Rn×m is the pseudo-inverse of JT ; n is related to the robot’s
DoF in Cartesian space. Fh ∈ Rn is the interaction force that can
be measured by a force/torque sensor.

Let E = X−Xr , where Xr ∈ Rn is the reference trajectory and
E ∈ Rn is the tracking error. Thus, X = Xr + E, Ẋ = Ẋr + Ė,
Ẍ = Ẍr + Ë. Combining these equations with Eq. (1), the tracking
error dynamics can be described as

HeË + CeĖ + Ge = F + Fh (2)

where He = Hx, Ce = Cx, Ge = HxẌr + CxẊr + Gx and
F = J−Tu. By designing the robot’s controller as

F = HeM
−1
d (−Fh −CdĖ−KdE) + CeĖ + Ge − Fh (3)

we obtain

MdË + CdĖ + KdE = −Fh (4)

where Md, Cd and Kd ∈ Rn×n are desired inertia, damping and
stiffness matrices, respectively.

As discussed in the Introduction, the human partner’s desired path
is unknown to the robot. Therefore, it is different from the traditional
trajectory tracking control where the robot’s reference path is given
in priori. Thus, the interaction force is the key information for path
learning, and it is necessary to establish a relationship between the
interaction force and position. According to human motor control
[43], the interaction force can be modeled as

Fh = Khp(Xh −X) (5)

where Khp ∈ Rn×n is the equivalent stiffness matrix and Xh ∈ Rn

is the desired path of the human. It is noted that the model Eq. (5)
is used for analysis purpose only. In practice, since the desired path
Xh is unknown to the robot, the actual interaction force is measured
by a force sensor rather than calculated by Eq. (5).

Since the interaction force Fh can be measured, it can be used to
estimate Xh which is unknown to the robot. Our control objective is
to make the robot track the human partner’s desired path, i.e. X =
Xh and Fh = 0 by observing Eq. (5). Combining Fh = 0 with Eq.
(4), it can be found that the tracking error E = 0 and X = Xr , so
Xr = Xh which indicates that the robot learns the human partner’s
desired path and X = Xr indicates that path tracking is achieved.

Table I
NOMENCLATURE

Variables Physical meaning

X ∈ Rn actual position vector of end-effector

u ∈ Rm control input

F ∈ Rm control input in Cartesian space

Fh ∈ Rn human-robot interaction force

Hx ∈ Rn×n inertia matrix

Cx ∈ Rn×n Coriolis and centrifugal matrix

Gx ∈ Rn gravitational matrix

J ∈ Rn×m Jacobian matrix

E ∈ Rn trajectory tracking error

Md, Cd, Kd ∈ Rn×n desired inertia, damping and stiffness matrices

Xr , Xh ∈ Rn reference trajectory and desired path

Khp ∈ Rn×n equivalent stiffness matrix

S spatial cycle or the distance from start point to end point

s displacement in the xA-axis direction

v speed of the robot in the xA-axis direction

5 spatial differentiator

F′ ∈ Rn filtered signal of interaction force

X̂h, X̃h ∈ Rn estimate of desired path and evaluated error

λ ∈ Rn×n learning gain

Rz,Ry , Rx ∈ Rn×n rotation matrices about each axis of base coordinate
O
AR ∈ Rn×n rotation matrix from A− xAyAzA to O − xoyozo
A
Ol

R ∈ Rn×n rotation matrix from Ol − xlylzl to A-xAyAzA

TA ∈ Rn translation matrix from A− xAyAzA to O − xoyozo

Tl ∈ Rn translation matrix from Ol-xlylzl to A-xAyAzA

Xinitial(s) ∈ Rn waypoint of initial path detected by vision

Xvision(s) ∈ Rn end-effector position detected by vision

ξ(s) ∈ Rn tracking error detected by vision

κ, α positive scale factor

B. Transformation from time domain to space domain
First of all, we give a definition and an assumption of spatial

periodicity.
Definition 1: As shown in Fig. 1, the direction vector from the

start point A to the end point B is denoted as the xA-axis of the
task coordinate. S is the spatial distance from A to B. s is the robot’s
displacement in the xA-axis direction and v = ds

dt
is the speed of the

robot in this direction, and s =
∫ t

0
v(τ)dτ where v can be measured.

Assumption 1: Considering robotic learning by repeating the
interaction, we can assume that the equivalent stiffness parameter
Khp and human partner’s desired path Xh are periodic with a
spatial distance S:

Khp(s+ S) ≡ Khp(s), Xh(s+ S) ≡ Xh(s) (6)

The periodicity of the equivalent stiffness parameter is a realistic
assumption for a repetitive interactive task. Xh(s + S) ≡ Xh(s)
represents that the human operator’s desired path is the same spatial
curve in each iteration.

According to [34], the spatial differentiator, or the 5-operator, is
defined as follows:

5 =
d

ds
(7)

and linked to the temporal differentiator

d

dt
=

d

ds

ds

dt
= 5v (8)

In order to facilitate the conversion between t and s, we first introduce
the following Remark 1 to clarify the relationship between the
temporal coordinate t and spatial coordinate s.
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Remark 1: The speed in xA-axis is v > 0, and there is no overlap
between spatial path points, hence the relationship between t and s is
bijective. The function s = f(t) is analytic and the inverse function
t = f−1(s) exists globally. Therefore as a variable, v(t) can also be
described as a spatial function v(f−1(s)).

Then, according to Eq. (4) and the transformation from time
domain to space domain, we obtain the closed-loop dynamics in the
space domain

Mdv(5Ev) + CdEv + KdE = −Fh (9)

where Ev = Ė(t) = Ė(f−1(s)). For the sake of simplicity, the
function argument s is omitted in the rest of the paper.

Figure 2. Control architecture.

III. PATH LEARNING

In this section, a path learning method is developed based on sILC.
As shown in Fig. 2, with the low-level control in Section II, we design
an sILC learning law to update the reference path of the robot with
a visual assistance system.

A. sILC learning law
Considering Eq. (9), we can obtain

Mdv(5F′v) + CdF
′
v + KdF

′ =
Fh

α
(10)

where F′v = Ḟ′. We define F′ as a filtered signal of Fh, and we
have

X = Xr − αF′ (11)

where α is a positive scalar.
By substituting Eq. (11) into Eq. (5), we obtain

Fh

Khp

= Xh −X = Xh −Xr + αF′ (12)

Then, we design the robot’s reference trajectory

Xr = αF′ + X̂h (13)

where X̂h is the estimate of Xh. According to Eqs. (12) and (13),
we have

Fh

Khp

= X̃h (14)

where X̃h = X̂h −Xh. From this equation, we can clearly see that
Fh = 0 holds if X̃h = 0, i.e. if Xh is known, the control objective
can be achieved with X̂h = Xh. However, Xh is unknown in HRI.

In the following, we utilize the spatial periodicity of Xh to design
X̂h in Eq. (13) to make lim

s→∞
Fh = 0. In particular, we develop the

following learning law:

X̂h(s) =

{
X(s)− λFh(s) + 1

v
Ev(s), 0 ≤ s < S

X̂h(s− S) + λFh(s)− 1
v
Ev(s), S ≤ s <∞ (15)

where λ ∈ Rn×n is a positive definite diagonal matrix. With X̂h(s)
updated in Eq. (15), the reference trajectory Xr(s) is obtained as
in Eq. (13). Then, the robot controller can be computed. Note that
Xr(s) = [xA(s); yA(s); zA(s)] is updated iteratively in the task co-
ordinate system while the robot controller is calculated continuously
in the base coordinate system. Thus, we need to obtain the spatial
description of Xr(s) = [xo(s); yo(s); zo(s)] in the base coordinate
system based on the homogeneous transformation theorem as follows:

Theorem 1: If the rotation angles of task coordinate with
respect to the xo-axis, yo-axis and zo-axis are θx, θy and θz ,
Rz(θz),Ry(θy) and Rx(θx) are rotation matrices about each axis,
the rotation matrix is O

AR = Rz(θz)Ry(θy)Rx(θx), and the
coordinate transformation is described as follows:xo(s)

yo(s)
zo(s)

1

 =

[
O
AR TA3×1

01×3 1

]xA(s)
yA(s)
zA(s)

1

 (16)

where TA3×1 is the coordinate of A in the base coordinate system
O-xoyozo as shown in Fig. 3.

The convergence proof of the proposed method is in the Appendix.

B. sILC with visual assistance system
In order to improve the efficiency and accuracy of path learning,

a visual assistance system is added to the HRI system. As shown in
Fig. 3, a binocular camera is applied to the pHRI system with two
purposes. Firstly, the rough initial path including start point A and
end point B can be measured by the visual system, so it will improve
the learning efficiency of sILC. Secondly, the vision system can detect
real-time path tracking performance, calculate the tracking error ξ of
visual detection from waypoints to the end-effector position, and play
a role of online correction of reference path.

Figure 3. Coordinate transformation diagram where different coordinate
systems are described by different colors and the coordinate of waypoint P
can be described in different coordinate systems.

Calibration of the camera for the internal and external parameter
matrices is needed to calculate the coordinates of pixels in the
task coordinate system [44]. For camera internal parameter matrices,
the relationship between image coordinate and pixel coordinate is
described as follows:xl1yl1

1

 =


1

dxl2
0 Ol2x

0 1
dyl2

Ol2y

0 0 1


xl2yl2

1

 (17)
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where (xl1, yl1), (xl2, yl2) and (Ol2x , Ol2y ) are the left pixel coor-
dinate, image coordinate and image center coordinate, respectively.
1/dxl2 and 1/dyl2 are the scales of the image which represent 1mm
corresponding to dxl2 and dyl2 pixels.

According to [45], the relationship between Pol(xl, yl, zl),
Pol2(xl2, yl2) and Por2(xr2, yr2) can be described by

fc
zl

=
xl2
xl
,
fc
zl

=
xr2

xl − bc
,
fc
zl

=
yl2
yl

(18)

in which bc is the baseline distance between the two parallel charge
coupled devices (CCDs), fc is the focal length of the CCD. Through
transformation, the relationship between camera coordinate and im-
age coordinate is obtained asxlyl

zl

 =


bc
dc

0 0

0 bc
dc

0

0 0 bc
dc


xl2yl2
fc

 (19)

where dc = xl2 − xr2 is the distance between left image and right
image.

For external matrices, similar to Theorem 1, the relationship
between PA(xA, yA, zA) and POl(xl, yl, zl) is described byxA(s)

yA(s)
zA(s)

1

 =

[
A
Ol

R Tl3×1

01×3 1

]xl(s)yl(s)
zl(s)

1

 (20)

where A
Ol

R and Tl3×1 represent the rotation matrix and translation
matrix from Ol-xlylzl to A-xAyAzA, respectively. For the task
framework A-xAyAzA, firstly, xA-axis is uniquely determined by
the start point and the end point, the direction of

−→
AB is the x-axis

direction and A is the origin of the task framework; secondly, yA-
axis is the one of axes perpendicular to xA-axis; finally, zA-axis can
be obtained by right hand rule. By combining (17), (19) and (20), we
obtain the transformation from pixel coordinate to task coordinate.

The specific steps of the image processing are shown in Fig.
4, where image capturing and target region extraction are basic
operations, and path thinning and template matching can be found in
[46], [47]. It is to note that the numbers of pixels on left and right
thinning paths are not equal, so we need to filter pixels and find the
corresponding relationship between left and right pixels as shown in
Algorithm 1. In addition, the pixel coordinate of the end-effector (red
rectangle) can be obtained through the template matching, so that the
position of the end-effector and the tracking error can be calculated
as shown in Fig. 4. After coordinate transformation from pixel to task
space, we can obtain the initial path Xinitial(s), which includes start
point and end point, and calculate tracking error ξ(s). Thus, Eq. (15)
is redefined as follows:

X̂h(s) =

{
Xinitial(s), 0 ≤ s ≤ S
X̂h(s− S) + λFh(s)− 1

v
Ev(s) + κξ(s), S < s <∞

(21)

where κ ∈ [0, 1] is a scale factor to prevent over correction.
In the process of human-robot interaction, the spatial target path

is sometimes blocked by the robot. Therefore, we can not completely
rely on visual information to locate and track the path.

Note 1 : Since the start point and end point can be specially cali-
brated, the spatial measurement error is negligible, so the actual start
point and end point are Xinitial(0) and Xinitial(S), respectively.
And spatial period S is defined as follows:

S =‖ Xinitial(S)−Xinitial(0) ‖ (22)

Note 2 : In the process of visual correction, the path tracking
error based on visual measurement is denoted as ξ. If the position
mark points of the robot end-effector are blocked and can not

be detected in the target region that is defined by the task path
workspace, then ξ is set as 0. Thus, ξ is defined as follows:

ξ(s) =

{
0,Xvision(s) /∈ Target region
Xvision(s)−Xinitial(s),Xvision(s) ∈ Target region

(23)

where Xvision(s) is the end-effector’s position detected by vision.

Algorithm 1: Pixel matching
Input: Pixell and Pixelr are pixels of thinning paths in left

and right images;
Output: matchingpixel;

1 Definition: left and right pixel coordinates are
Pixell(i) = [xl1(i), yr1(i)], i ∈ [1, len(Pixell)] and
Pixelr(k) = [xl2(k), yr2(k)], k ∈ [1, len(Pixelr)], where
len(pathleft) and len(Pixelr) are the numbers of paths’ pixel
coordinates in left and right images;

2 Pixel′l = Pixel-filter(Pixell);
3 Pixel′r = Pixel-filter(Pixelr);
4 for a = 0 : a1 : len(Pixel′l) do
5 matchingpixel(a) = [Pixel′l(a), P ixel′r(a)];
6 a1 is the sampling interval; matchingpixel(0) and

matchingpixel(len(Pixel′l)) represent the matching pixel
pairs of the path’s start point and end point;

7 end
8 Function : Pixel-filter(pathpixel)
9 pixelv = 0, n = 0, numver = 720 where numver is the

number of image’s vertical pixels;
10 while (pixelv < numver) do
11 while n < len(pathpixel) do
12 if (pathpixel(n, 1) == pixelv) then
13 path′pixel ← pathpixel(n).
14 end
15 n = n+ 1;
16 end
17 Remove adjacent points whose vertical pixel coordinates

are equal to pixelv in path′pixel and obtain new path′pixel
added to pathfilter;

18 pixelv = pixelv + 1;
19 end
20 return pathfilter;

IV. SIMULATION AND EXPERIMENTS

Before analyzing the dynamic properties of the proposed sILC
using a 7-DoF Sawyer robot, we first examine its efficiency through
simulation, which is carried on a spatial path learning scenario
detailed in Section IV-A. The experiments using 7-DoF Sawyer are
carried out for path learning in an emulating welding task in Section
IV-B.

A. Simulation
In the simulation, the desired path of the human partner in the task

coordinate is set as XhA = [xA; yA; zA]m where xA ∈ [0, 0.282],
zA = 0 and

yA =


0, 0 ≤ xA < 0.052

0.117−
√

0.1482 − (xA − 0.142)2, 0.052 ≤ xA < 0.232
0, 0.232 < xA ≤ 0.282

so the start-point and end-point are [0.5750;−0.0440; 0.1395]m and
[0.3597; 0.1366; 0.1395]m, respectively. Thus, the spatial period
is S =‖

−→
AB ‖= 0.282. According to Fig. 3, the corresponding

coordinates are built for spatial transformation, and it can be found
that the rotation angles are θz = 140◦, θy = 0◦, θx = 0◦, and

O
AR = Rx(θx)Ry(θy)Rz(θz) =

cos(140◦) −sin(140◦) 0
sin(140◦) cos(140◦) 0

0 0 1

.
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Figure 4. The main steps of visual processing.

According to Theorem 1, the homogeneous transformation matrix is[
O
AR TA3×1

01×3 1

]
, where TA3×1 = [0.575;−0.044; 0.1395] is the

start-point’s coordinate of the desired path in the base coordinate.
The corresponding simulation parameters are listed in TABLE II.
The impedance parameters determine how compliant the robot is to
the interaction force. If small values are set, the robot can be easily
guided by the human, but it becomes sensitive to the measured
force. Conversely, large values of these parameters make the robot
hard to be moved by the human. In practice, a trial-and-error
process is needed to find a balance between system robustness
and maneuverability. The speed of robot in xA axis is v = S

Ti
,

where Ti represents the time period of the i-th iteration. In the
following figures, different iterations are represented by curves in
different colors and the desired path is represented by a dotted line.
In the figure legends, “iter” is shorthand for “iteration”, e.g. “iter2”
represents the 2nd iteration, and “desired” represents the desired
path. In the simulation, Eq. (5) is used to calculate the interaction
force.

The path learning performance of the proposed sILC is shown in
Fig. 5, which shows that the robot can accurately learn the desired
spatial path after six iterations. As shown in Fig. 6, the interaction
force decreases when the iteration number increases, and the mean
and root-mean-square (RMS) of the interaction force and the tracking
error in each iteration converge to zero. It is to note that the interaction
force and tracking error in the simulation and experimental results
are represented by the norm of the corresponding vector. As a result,
the robot can actively complete the path following task without the
human partner’s guidance.

Table II
CONTROL PARAMETERS AND LEARNING PERIODS IN SIMULATION

Md(kg) Cd(N/(m/s))Kd(N/m) Khp (N/m) λ α
diag[6,6,6] diag[22,22,22] diag[4,4,4] diag[50,50,50] diag[1.5,1.5,1.5] 0.25

T1(s) T2(s) T3(s) T4(s) T5(s) T6(s)
20 22 24 28 29 30

B. Experiments
To further validate the proposed method, experiments are carried

out on a Sawyer robot. As shown in Fig. 7, a scenario for welding
path learning is set up, where a force/torque sensor and an LED are
installed on the endpoint of Sawyer. Torque/force sensor (Robotiq
FT300 ) is used to measure the interaction force, and LED is used for
simulating the arc welding points. A binocular camera ZED is fixed
at an appropriate position where it can detect the marked path. The
experiments are developed using the robot operation system (ROS),
the information of real-time position, velocity and interaction force
is subscribed as different topics in the ROS, and the related topics

Figure 5. Path learning under proposed method. A and B are the start-point
and end-point respectively.
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Figure 6. Mean and RMS of the tracking error and interaction force in each
iteration.

are shown in the graphical user interface (GUI) for analysis of the
learning process. The desired path was drawn on the workpiece before
the experiment, and the human subject was instructed to follow it
during the experiment.

Table III
CONTROL PARAMETERS AND LEARNING PERIODS IN EXPERIMENTS

Md(kg) Cd(N/(m/s))Kd(N/m) Khp (N/m) λ α

diag[6,6,6] diag[22,22,22] diag[4,4,4] diag[50,50,50] diag[0.5,0.5,0.5] 0.1

T1(s) T2(s) T3(s) T4(s) T5(s) T6(s)
38.7 27.6 34.9 40.8 36.2 24.8

1) Proposed sILC in Section III-A: Firstly, in order to test
the capability of the proposed sILC, it is used to learn the desired
path through repetitive HRI without considering the visual assistance.
As shown in Fig. 7, the desired path is a black spatial curve whose
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Figure 7. Experimental setup.

(a)

(b)

(c)

(d)
Figure 8. Path tracking performance by using (a) proposed sILC, (b) machine
vision, (c) PbD, and (d) proposed sILC-vision.
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Figure 9. The mean and RMS of the tracking error in each iteration for
different methods.

parameters are the same as in the simulation. In order to ensure safety
and stability, the learning parameters are smaller compared with the
simulation. The control parameters and learning rates used in the
experiment are summarized in TABLE III. The time period of each
iteration is recorded in TABLE III, which is found to be varying. The
path learning performance of six iterations is shown in Fig. 8(a), and
the mean and RMS of path tracking error in each iteration are shown
in Fig. 9. It can be found that the path tracking errors of sILC decrease
significantly, and the mean of the path tracking error is 0.22cm after
six iterations. Due to the effect of the human’s visual perception and
decision-making ability and the precision of the robotic actuator, the
tracking paths are not stable and have obvious oscillation as shown in
Fig. 8(a) and the RMS of sILC in Fig. 9, which will be significantly
improved with the application of visual assistance system.

2) Comparison with PbD in [13] and Machine Vision-based
(MVb) method in [39]: To compare with the proposed method, we
conduct the same task using PbD method based on DTW and GMM
in [13]. During human demonstration, the robot is moved by the
human partner in zero gravity mode to track the desired path and a
sequence of position waypoints are recorded. The demonstration task
is repeated five times. As the time lengths of different demonstrations
are inconsistent, DTW is employed to warp the time sequences of
waypoints and obtain the aligned sequences that can be used by
GMM to calculate the prediction path. The path learning process is
shown in Fig. 8(b), where test1 to test5 are repeated demonstration
paths, and test6 is the prediction path. Although with the black curve
as a reference, it is still difficult to accurately follow the desired
path through a single demonstration, as illustrated by the means of
the tracking error in tes1 to test5 of about 0.3cm as shown in Fig.
9. In addition, due to inherent errors in human demonstration, the
prediction path test6 is still subject to a tracking error as shown in Fig.
9. It is also found that when the desired path becomes complicated,
a large number of waypoints need to be recorded and the number of
demonstrations increases which are time-consuming. Moreover, it is
difficult to record all feature waypoints when the desired path has an
irregular shape.

In order to improve the PbD’s efficiency, an MVb method is
proposed in [39]. The human partner only needs to mark a few key
control points which can be detected by machine vision. Combining a
cubic B-spline curve representation with the control points, a smooth
path is fitted, so this method reduces effort to record waypoints.
In the experiment, the numbers of control points are selected as
5, 7, 9, 11, 13, 15 for test1 to test6, respectively. From Figs. 8(c) and
9, it can be found that the learning performance is worse than the
other methods regardless of the number of control points and the
mean and RMS of the tracking error are greater than those of other
methods.

3) Proposed sILC-vision method in Section III-B: In this
section, the proposed sILC-vision method that combines sILC with
visual assistance is applied to the same tasks. The control parameters
and learning rates used in the experiment are the same as in TABLE.
III and κ = 0.2. Based on machine vision, we can obtain a rough
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initial path (iter1) as shown in Fig. 8(d). With the help of machine
vision, only minor interactive adjustments are required for the human
partner, so the actual path converges quickly to the desired path after
three iterations. In addition, the sILC-vision method has a smaller
mean and RMS of the path tracking error compared with sILC and
it also has the faster convergence with four iterations as shown in
Fig. 9. Thus, the sILC-vision method has achieved the best learning
accuracy and convergence speed.

Figure 10. The left and right camera views of different test paths on an
irregular surface.

4) Different spatial path learning tests: In order to verify the
path learning adaptability, the sILC-vision method is used to learn the
paths represented by the black curves on an irregular surface shown
in Fig. 10. For each black curve, it is difficult to obtain their explicit
mathematical expression in the robot workspace, so that we can not
predefine a path for the robot to track. In the tests, the desired paths
(the red dotted line in Fig. 11) are obtained by Sawyer’s waypoints
playback example. In this example, firstly, Sawyer works in zero-
gravity mode; secondly, it is driven by the human partner to record
enough waypoints of the path; finally, Sawyer works in the position
control mode, which can track recorded waypoints and the whole
path is collected at a sampling frequency of 10Hz. Although the
collected desired paths are not the actual paths, they can accurately
describe actual paths as long as there are enough waypoints. As in the
previous experiment, the camera’s internal and external parameters,
and the control and learning parameters remain unchanged. In Fig.
11, the elevation view, overhead view, and three dimensions view for
six iterations of different paths are shown. It can be found that the
actual paths converge to the desired paths after six iterations with
the proposed sILC-vision method. And through multiple trials, we
find that the means of the path tracking error of the final iteration
are less than 3mm as shown in Fig. 11(d), and the interaction forces
decrease with the iteration number increasing. In addition, from the
elevation view and overhead view, it can be seen that the main error
of visual detection comes from vertical spatial error, which is related
to the camera’s position and posture. Measurement of a spatial path
on a projective plane is accurate as long as the camera is placed in
parallel with the corresponding projective plane of the path, otherwise
its performance can be affected. In the experiments, the camera is
parallel with the horizontal plane, so the the error of visual detection
on overhead view is small. In summary, the experiment results show
that the proposed sILC-vision strategy in this paper is applicable to
different spatial paths.

5) Multiple human subjects: To further evaluate the proposed
method, we recruit six healthy human subjects to conduct the exper-
iments. In each experiment, each human subject guides the Sawyer
robot to track path1 in Fig. 10 for 6 iterations, as introduced above.
Each subject repeats the same experiment for 6 times. The mean and
RMS of the path tracking error and interaction force with different
human subjects are shown in Fig. 12. It can be found that although the
mean values of tracking error and interaction force in each iteration
are different for each subject, they gradually decrease and converge
to small values when the iteration number increases, despite different
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Figure 11. Path tracking performance of six iterations for (a) path1, (b) path2,
(c) path3, and (d) each iteration’s mean and RMS of the tracking error and
interaction force for different paths of six trials.
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performances. It is also found that the RMS decreases as the iteration
number increases for each individual human subject, indicating the
consistent performance of repetitive interaction with the robot.
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Figure 12. Each iteration’s mean and RMS of tracking error and interaction
force for different users of six trails.

C. Discussion
i) Summary of Results :

• Confirmed by the path tracking error and the interaction force
of simulation and multiple experiments, our proposed method
achieves good performance for repetitive path learning tasks
with varying time periods. It can be found that the the mean
and RMS of interaction force and tracking error decrease
significantly when the iteration number increases.

• Compared with the PbD in [13], our method does not require a
lot of effort to record the waypoints by repeated demonstrations;
and in contrast to the MVb in [39], although it can obtain a
fitted path quickly by a few waypoints, our method has better
performance of tracking accuracy. In addition, the uncertainty of
physical interaction is well suppressed by the visual assistance
system that improves the accuracy of path learning and speeds
up the convergence of the proposed sILC.

• Furthermore, the tests carried out by different users and for
different spatial paths verify the generality of our proposed
method. For multiple human subjects, although each subject’s
performance is different, the overall trend of tracking error and
interaction force convergent and decreasing has been achieved.

ii) Limitations :

• The human movement is required to repeat at a certain level, as
detailed in Assumption 1; if the human movement has signif-
icant uncertainties, the learning performance will be degraded.
Therefore, we may need to evaluate the human movement
uncertainty and adjust the learning rate in time.

• The initial inference of the desired path may affect the learning
convergence and efficiency of the proposed sILC, which was
addressed using machine vision, but extracting the target path
is easily influenced by complex background and the accuracy
of left-right view matching for spatial curve needs to be further
improved. This requires more advanced structured light cameras
and image extraction algorithms.

V. CONCLUSION

In this paper, we have developed a new human-robot interactive
control scheme for path learning of a robot using interaction force
and machine vision. The motivation of the study is the urgent need
of a simple and direct method to obtain an irregular path with high
efficiency and accuracy for HRI tasks, such as welding and laser
cutting. The developed scheme is inspired by the ILC theory and
machine vision studies in the literature, which combines the human
partner’s flexibility with machine vision’s high accuracy.

Firstly, we introduce a novel sILC method into robotic path
learning, making it possible to work effectively with uncertain speeds

and time periods in each iteration. The stability and convergence of
this novel sILC method have been rigorously analyzed based on the
Lyapunov theory. Secondly, a machine vision method is proposed to
combine with sILC, which significantly improves the accuracy and
efficiency of path learning. Simulation and comparative experiments
on a Sawyer robot have been carried out to verify the feasibility and
advantages of the proposed method. Our future work is to overcome
the limitations discussed in Section IV-C and apply the proposed
method to relevant real-world applications.

APPENDIX

A. Stability analysis
In this section, we show that the control objective is achieved

with the proposed learning algorithm, which is summarized in the
following theorem.

Theorem 2: Considering the closed-loop dynamics described by
Eq. (12), the designed reference trajectory Eq. (13) with the updating
law Eq. (15) guarantees the following results:

1) The interaction force error asymptotically converges to 0 as
s→∞, i.e. , lim

s→∞
Fh(s) = 0.

2) All the signals in the closed-loop system are bounded.
The following proof of Theorem 2 is given based on Lyapunov

theory. In particular, let us consider a Lyapunov function candidate
as below

V (s) = V1(s) + V2(s)

V1(s) =


∫ s

0
[X(τ)−Xh(τ)]TKhp [X(τ)−Xh(τ)]dτ,

(0 ≤ s ≤ S)
1
2

∫ s

s−S
[X(τ)−Xh(τ)]TKhp [X(τ)−Xh(τ)]dτ,

(S < s <∞)

V2(s) =
1

2
[ET

v (s)MdEv(s) + ET (s)KdE(s)]

(24)

Proof: For 0 ≤ s ≤ S, considering Eqs. (11), (13) and (15), the
derivative of V1 with respect to s is

5V1(s) = [X(s)−Xh(s)]TKhp [X(s)−Xh(s)]

= [Xr(s)− αF′(s)−Xh(s)]TFh(s)

= X(s)TFh(s)−Xh(s)TFh(s)

= X̂h(s)TFh(s)−Xh(s)TFh(s)

= [X(s)− λFh(s) +
1

v
Ev(s)]TFh(s)−Xh(s)TFh(s)

= [−(λFh(s))T +
1

v
Ev(s)T + (X(s)−Xh(s))T ]Fh(s)

= [−(λFh(s))T +
1

v
Ev(s)T − (Fh(s)K−1

hp
)T ]Fh(s)

= Fh(s)T (−λ−K−1
hp

)Fh(s) +
1

v
Ev(s)TFh(s) (25)

Taking the derivative of V2(s) with respect to s, we obtain

5V2(s) = ET
v (s)Md 5Ev(s) + ET

v (s)Kd
v
E(s) (26)

According to the closed-loop dynamics Eq. (9), the above equation
can be written as

5V2(s) = ET
v (s)(Md 5Ev(s) +

Kd

v
E(s))

= ET
v (s)(−Fh(s)

v
−Cd

Ev(s)

v
) (27)

Therefore, for 0 ≤ s ≤ S, according to Eqs. (25) and (27), we have

5V (s) = 5V1(s) +5V2(s)

= −Fh(s)T K̂hpFh(s)−ET
v (s)ĈdEv(s) (28)

where K̂hp = λ + K−1
hp

and Ĉd = Cd
v

. Since λ,Khp and Cd are
positive definite diagonal matrices and v > 0, we can obtain that
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K̂hp is positive definite, and 5V (s) < 0. So V (s) is bounded for
0 ≤ s ≤ S.

For S < s <∞ , we have

∆V1(s) ≡ V1(s+ S)− V1(s) =
1

2

∫ s

s−S

[X(τ + S)

−Xh(τ + S)]TKhp [X(τ + S)−Xh(τ + S)]dτ

−1

2

∫ s

s−S

[X(τ)−Xh(τ)]TKhp [X(τ)−Xh(τ)]dτ

−1

2

∫ s

s−S

[X(τ)−Xh(τ)]TKhp [X(τ + S)−Xh(τ + S)]dτ

+
1

2

∫ s

s−S

[X(τ)−Xh(τ)]TKhp [X(τ + S)−Xh(τ + S)]dτ

=
1

2

∫ s

s−S

[X(τ)−Xh(τ)]TKhp∆X(τ)dτ

+
1

2

∫ s

s−S

[X(τ + S)−Xh(τ + S)]TKhp∆X(τ)dτ

=

∫ s

s−S

[X(τ + S)−Xh(τ + S)− 1

2
∆X(τ)]TKhp∆X(τ)dτ

≤
∫ s

s−S

[X(τ + S)−Xh(τ + S)]TKhp∆X(τ)dτ (29)

Note that we have used the property of periodicity Xh(s+ S) =
Xh(s) and have defined ∆X(τ) = X(τ + S)−X(τ).

According to Eqs. (11), (12), (13) and (15), we rewrite this
inequality as

∆V1(s) ≤ −
∫ s

s−S

Fh(τ + S)T ∆X(τ)dτ

= −
∫ s

s−S

Fh(τ + S)T ∆X̂h(τ)dτ

= −
∫ s

s−S

Fh(τ + S)T [X̂h(τ + S)− X̂h(τ)]dτ

= −
∫ s

s−S

Fh(τ + S)T [λFh(τ + S) +
1

v
Ev(τ + S)]dτ

=

∫ s+S

s

Fh(τ)T [−λFh(τ)− 1

v
Ev(τ)]dτ (30)

According to Eq. (27), integrating 5V2 from s to s + S and
considering Eq. (9), we obtain

∆V2(s) =

∫ s+S

s

ET
v (τ)(−1

v
Fh(τ)−Cd

1

v
Ev(τ))dτ (31)

By considering Eqs. (30) and (31), we have

∆V = ∆V1 + ∆V2

≤
∫ s+S

s

(−Fh(τ)TλFh(τ)−Ev(τ)T vEv(τ))dτ (32)

By looking at Eq. (32), we discuss two cases: ∆V < 0 and ∆V = 0.
Case 1: If ∆V < 0, V is moronically descending when s

increases, which indicates that lim
s→∞

V → 0 and thus lim
s→∞

E → 0,
lim
s→∞

Ev(s)→ 0 and lim
s→∞

X→ Xh. According to Eq. (5), it yields
lim
s→∞

Fh(s)→ 0.
Case 2: If ∆V = 0, since λ and v are positive definite, it leads

to Fh(s) = 0 and Ev(s) = 0 (thus 5Ev(s) = 0). Considering the
closed-loop dynamics in the space domain (9), we have

KdE(s) = −Fh(s) (33)

Since Kd is a positive definite diagonal matrix, we have E(s) = 0
and thus X = Xr . Fh(s) = 0 also indicates that X = Xh, according
to Eq. (5).

By summarizing the results in Case 1 and Case 2, we can conclude
that

• lim
s→∞

Ev(s) = 0, lim
s→∞

E(s) = 0 which indicates that the
robot’s actual path tracks the reference path and its actual
velocity tracks the reference velocity.

• lim
s→∞

Xr = Xh, which indicates that the reference path tracks
the desired path.

• lim
s→∞

Fh(s) = 0, which indicates that the interaction force is
reduced to 0N.

It completes the proof.
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