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Today robots must be safe, versatile, and user-friendly to operate in unstructured and human-populated
environments. Dynamical system-based imitation learning enables robots to perform complex tasks stably and
without explicit programming, greatly simplifying their real-world deployment. To exploit the full potential
of these systems it is crucial to implement closed loops that use visual feedback. Vision permits to cope with
environmental changes, but is complex to handle due to the high dimension of the image space. This study
introduces a dynamical system-based imitation learning for direct visual servoing. It leverages off-the-shelf
deep learning-based perception modules to extract robust features from the raw input image, and an imitation
learning strategy to execute sophisticated robot motions. The learning blocks are integrated using the large
projection task priority formulation. As demonstrated through extensive experimental analysis, the proposed
method realizes complex tasks with a robotic manipulator.

1. Introduction

Modern robots must be accessible to everyone, as they are rapidly
spreading in everyday life environments, from industries [1] to ho-
tels [2] and hospitals [3]. It is expected that a growing number of inex-
perienced end-users, like children, patients, or elderly people, ask for
robots with easy-to-use, friendly, and modular interfaces, endowed with
adaptive skills. To meet these requirements, recent advancements in
robotics demonstrate the great potential of Machine Learning (Machine
Learning (ML)).

From a control perspective, ease of use and adaptability can be
obtained with vision-based IL. On one side, IL allows one to easily
implement robotic tasks without specific codes [4,5], but by sim-
ply following a few demonstrations. Dynamical Systems (DSs) handle
the imitation strategy by keeping the stability properties of classical
controllers. Such approaches successfully generate complex kinematic
motion from previous demonstrations, see [6-9]. On the other, vision-
based control like VS [10,11] generates robot behaviors from extero-
ceptive information, thus taking into account possible changes in the
environment. In recent work [12,13], DS-based IL and VS are combined
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to realize the so-called Imitation Learning Visual Servoing (ILVS). Such
a scheme provides dual benefits: (i) additional and complex skills can
be imitated (and not explicitly coded) in the VS law; (ii) the use of
vision enables adaptive imitation strategies. In this way, the limitations
of the original law are overcome by leveraging the information of the
demonstrations, e.g., for realizing a visual tracker without an explicit
target motion estimator [14].

From a perception point of view, it would be desirable to have
modular and transferable blocks that could be easily adapted to the
specificity of the deployed robot and the considered task. In this
context, DL has been demonstrated to outperform classical computer
vision methods [15], also in the robotics domain [16]. Indeed, many
approaches based on DL show great performance in detecting and
tracking complex objects, e.g., the well-known You Only Look Once
(YOLO) algorithm [17,18]. These approaches exhibit robustness, ver-
satility, and even generalization capability, and can solve complex
perception tasks in the robotic domain [15,16]. However, sporadic mis-
interpretations of the raw sensor data, or hallucinations, typical of DL
approaches [19], could be disruptive in a closed-loop control scheme.
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Fig. 1. Our work combines off-the-shelf deep learning strategies to detect objects in
the clutter, and imitation learning to realize complicated trajectories, e.g., dropping a
cube into a cup on an untidy table. The large projection formulation combines the two
machine learning components and ensures convergence to a given target.

Indeed, the measurement accuracy required by a precise control action
sets severe requirements, which might be difficult to fulfill by DL-based
perception. Specific systems like YOLO, for example, are very reliable
in recognizing an object and its position in the camera field of view.
However, they fall short in estimating its right orientation, preventing
full 6D pose regulation or tracking.

This work aims to realize a robust, modular, stable yet simple
VS scheme, taking the good from both data-driven and model-based
approaches. We propose a VS architecture that leverages IL and DL
paradigms to exploit the potential of state-of-the-art detectors and
overcome their limitations in control loops. More in detail, we propose
to use an off-the-shelf DL-based detector to obtain a rough but robust vi-
sual feedback and refine it by performing IL from a few demonstrations
of the desired VS behavior. The learning components are combined in
a formal model-based control structure. In this way, we target robotic
applications (like dropping a sugar cube in a cup of tea on an untidy
table, as exemplified in Fig. 1) proposing an easy solution to complex
perception problems, and simple generation of complicated trajectories.

The remainder of the paper is organized as follows. Section 2
discusses the related literature, whereas the technical background of
our work is presented in Section 3. Our method and the experimental
setup used to validate it are detailed in Sections 4 and 5, respectively.
The approach is validated with an extensive experimental analysis,
whose results are presented in Section 6. Section 7 concludes the paper
with final remarks.

2. Related work

In our vision of adaptive and easy-to-use robots, we must design
visual controllers that are straightforward to deploy. In practice, we
aim to avoid specific coding to (i) extract the required feedback from
dense images and (ii) generate sophisticated trajectories.

Impressive off-the-shelf software releases, e.g., YOLO [17], have
been shown to detect objects robustly. It is worth mentioning the large
body of work that aims at estimating from vision the target object’s
pose, see, e.g., [20-23], which can also serve as a control feedback.
However, all these approaches implement standalone perception sys-
tems, i.e., they are unaware of the underlying control structure, and
their output might not be accurate enough for control purposes. Specific
pose estimators for vision-based control have also been proposed [24-
28], but these approaches are sensitive to the operating conditions
and usually need intense retraining to operate in different scenarios.
Furthermore, pure perception algorithms delegate the generation of
sophisticated trajectories to the control block.

Robotics and Autonomous Systems 190 (2025) 104971

One possibility consists of coupling perception and control together
in end-to-end learning fashion [29-31]. However, end-to-end methods
cannot guarantee stability properties and robustness to disturbances.
This is particularly challenging if the robot needs to operate in dynami-
cally changing environments and/or close to the human. Coarse-to-fine
imitation learning [32] combines closed- and open-loop execution to
perform complex manipulation tasks. One way to ensure stability is to
maintain the formal structure of the visual controller, e.g., preserving
the VS formalism. In the context of our work, DVS is particularly
interesting because it implements VS using direct image measurement,
avoiding explicit feature extraction. Examples are VS schemes that use
photometric moments [33], pixel luminance [34], histograms [35], or
Gaussian mixtures [36] as control feedback. However, in these ap-
proaches, the potential of DL is not fully exploited. In [37], an artificial
Neural Network (NN) is trained using the knowledge of VS to produce
geometrically interpretable features. In [38], an autoencoder is learned
to reduce the dimensionality of the image space, and an interaction
matrix is directly computed from the network using auto differentiation
and utilized in a VS law. Liu et al. [39] simplify the YOLO architecture
to speed up object detection, while Luo et al. [40] propose a top-down
feature detection network, and both use the predicted features in a
VS scheme. These approaches perform well with VS tasks from images
without performing classical feature extraction but do not execute
complex movements. Our work, instead, provides a unified solution
that generates sophisticated robot motion in addition to enhancing the
robustness of the perception module.

This paper presents an approach to solve the perception problem
and the generation of complex trajectories simultaneously, in the con-
text of vision-based controllers. The proposed framework overcomes
the limitations of the literature by proposing an IL-DVS strategy that in-
tegrates off-the-shelf DL-based perception modules with IL in a control
theoretic framework.

3. Background

Image-based VS [10] is a more than twenty-year-old established
technique to regulate a camera to a desired pose through visual in-
formation. The most basic law computes 6D velocity commands as
v = —il’%e [10], zeromg an error e € R/ defined on the image;
4 is a scalar gain; 1 € R/ is the pseudo-inverse of the so-called
interaction matrix, relating the camera velocity to the time derivative
of the visual feedback. The interaction matrix normally relies on the
camera parameters that can be obtained through calibration proce-
dures, and other information like the features’ depth that needs to be
estimated or approximated. Indeed, the hat over the matrix indicates
the approximation due to unknown 3D parameters.

VS can be executed together with other tasks, using the priority
scheme established by the null-space projector [41]:

v,=-AL"e+ Po. @

The matrix P = I, — 1" L is a null-space projector, and ¢ € RO is the
desired velocity realizing the secondary task. The main limitation of (1)
is that, in normal working conditions, the dimension of the feedback is
always greater or equal to the dimension of the task (i.e., f > 6) [10].
Under these circumstances, there is not much room in the null space
of the primary task to execute any other secondary task. Therefore, it
has been proposed to use the norm of the error # = ||e|| in the primary
task [42] and to realize a prioritized control scheme in the following
form

=-mL; +P,o. )

where, similarly to the classic VS scheme (1), P, is a null-space
projector and ¢ € R?® is the desired velocity realizing the secondary
task. The matrices of interest can be retrieved in closed form [42], and
are reported here for convenience:
AT o
iJr:ni and P, =1I¢- L

eTii e eTLL e
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(a) Side view.

(b) Oblique view.
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(c) Top view.

Fig. 2. State-of-the-art DL-based systems like YOLO can be used to detect the features of an object of interest on a raw monocular image robustly. Examples of features are the
vertices (denoted with ‘C1’, ‘C2’, ‘C3’, and ‘C4’) of the bounding box detected around the image of a cup. However, such detection systems fail to capture the correct object
orientation. In the three snapshots, YOLO provides very similar feature values that correspond to three very different relative camera—object orientations producing a side (a),

oblique (b), and top view (c) of the cup. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Note that the control law (2) drives the system towards the original
desired behavior, as e — 0 for  — 0. The operator P, is called
large projector as the law (2) ensures enough room in the null space
to achieve secondary tasks. In practice, regulating the scalar norm
instead of the vector error releases degrees of freedom during the
transient for other secondary tasks. Using simple Lyapunov arguments,
it is possible to show that the law (2) is locally stable and that the
secondary task does not impact the stability. If the secondary velocities
o are not compatible with the primary task, they are simply ignored
and not executed, as the effect of the construction of the projector
operator [41]. In (2) the presence of singularities requires the use of
a switching strategy around n = 0:

v=amv, + (1-a@m)v, 3

where « is a scalar variable smoothly changing from 1 to 0 in the
vicinity of n = 0, allowing a switch to the classical law (1) from (2) [42].

This control system has been recently used to implement a stable
IL [13] to realize complex VS tasks. In particular, the main task
error n stably drives the system towards steady-state convergence; the
secondary task is used to imitate demonstrated velocities o during the
transient. In this work, we use such a control structure to handle the
output of a state-of-the-art DL-based feature detector and overcome
its limitations by leveraging the information of a few demonstrations,
using the IL paradigm, as detailed in the following section.

4. Approach

Our objective is to exploit the control redundancy offered by the
large projector formalism (2) to integrate DL and IL for direct VS. We
exploit the great potential of state-of-the-art DL-based object detectors,
which are treated as an underlying raw detector. Furthermore, our
framework uses IL to look at previous demonstrations to overcome the
limitations of DL-based detectors. The scheme further exploits IL to
realize complex trajectories. In this section, we explain in detail the DL
and IL learning components, and how they are combined using the large
null-space projector control structure. More in detail, we first present
and formulate the perception problem in Section 4.1, which regards
the limitation of the used detectors in the control context; then, we
present our solution to the problem introducing the imitation strategy
(in Section 4.2) and the whole control scheme (Section 4.3) of our
approach.

4.1. DL-based detection and its limits

The DL-based detector is a pre-trained NN that is fed with raw
camera images and provides as output a measure of the object in the
form of visual features

f=myD), G

where i € R*" is a vectorized colored image with a size of w X h
pixels, m is the detector model, and & € R? denotes the parameters
of the pre-trained model; the output f € R™ contains features of the
detected objects, such as the corners of its bounding box measured on
the image (see Fig. 2). Following the classic VS rationale, such features
are compared with a set of desired values, denoted with f*, to provide
a measure of the visual error, from which the control action evolves.
Indeed, the desired set of features is obtained by the model fed with a
reference desired image i*, i.e., f* = my(i*). Therefore, the visual error
to be considered in the standard VS law (1) is computed as

e=f-f", )

whereas its norm, to be used in the large projection formulation (2), is

n=If- s ©

where ||-|| denotes the Euclidean norm.

State-of-the-art systems, such as the YOLO algorithm [17] con-
sidered in our work, can perform high-frequency and robust feature
detection. However, such features are not truly informative of the real
pose of the observed object and, thus, not enough for full servoing
of the camera pose. Typically, the bounding boxes detected by YOLO
are rectangles centered on the image of the object of interest and
aligned to the image borders. Such bounding boxes do not include
any information about the object orientation, as shown in Fig. 2. An
extended version of YOLO, YOLOv8 [43], computes bounding boxes
that are oriented in the plane of the image. However, even in this case,
the detected bounding box features do not contain information about
the complete orientation of the detected object in all three rotation
axes. Thus, they are insufficient for controlling the full 6D pose of the
camera and its motion in the Cartesian space. One possible solution
would be to refine the model my by fine-tuning the parameters 6.
However, this solution requires engineering work and the intervention
of specialized scientists. Furthermore, the achievement of satisfactory
results remains challenging. Our solution, instead, proposes to learn
how to overcome these limitations of the off-the-shelf DL detection
module from given demonstrations of the desired task.

4.2. Overcoming the detection limits through imitation

To overcome the limitations of DL-based detectors like YOLO, we
leverage the information contained in a set of human-demonstrated
trajectories. In particular, the corrective action for servoing the 3D ori-
entation can be imitated from demonstrations of the full VS behavior.
Such demonstrations are contained in a dataset with this shape:

D= (st @)

where the subscripts + and n denote the rth sample of the nth demon-
stration, respectively; N is the total number of demonstrations and
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Fig. 3. The proposed framework for IL-DVS exploits a detection model (a frozen DL network, implemented by YOLO) to extract features from raw images robustly and IL
(implemented as a fine-tuned NODE network) to realize complex trajectories and overcome the limitation of the detection model. The large projection formulation merges the
output of the detection and imitation strategy in a closed-loop control law resulting in accurate and converging robot movements.

T is the length (expressed as the total number of samples) of each
demonstration; f indicates the visual features vector (as defined in
Section 4.1), and p € R? is the robot’s end-effector’s position. The end-
effector orientation r € R? is obtained by projecting a unit quaternion
q € S? into the tangent space placed at the goal quaternion using the so-
called logarithmic map [44]. Such quantities are obtained by showing
the full desired behavior to the robot by using, e.g., teleoperation
or kinesthetic teaching. During the collection of demonstrations, the
object of interest is placed at a fixed location w.r.t. the robot, and the
object is always maintained in the camera field of view.

The IL strategy is realized by augmenting the detection model with
additional layers. More in detail, we augment the detector architecture
with a Neural Ordinary Differential Equation (NODE) solver [45] used
for IL. The additional NODE layers are trained on the dataset D. NODE
has previously been used for IL [46] because it can be trained easily
with only a few demonstrations, is extremely fast during inference, and
exhibits accurate empirical performance for real-world full 6 degrees-
of-freedom trajectory learning tasks [47]. The lack of mathematical
stability guarantees of the trajectories predicted by a stand-alone NODE
is addressed in our approach by the large projector formalism that
guarantees that the position trajectory of the robot will not diverge,
as discussed in Section 5. Hence, we do not use other alternatives
such as [48] that assure stability but have a much slower inference
speed [46].

NODE assumes that the training data are instances of a nonlinear
dynamical system that maps a generic input state x into an output that
consists of its time derivative x. In our setting, the state at time sample
tis x, = (f], ptT,rlT)T. To accurately approximate the underlying
dynamics, NODE optimizes a set of parameters & by minimizing a sum-
of-square-error loss. It is worth mentioning that, having projected unit
quaternions in the tangent space, we can readily use the dataset D as
in (7) to train NODE. This is a common strategy in robotics [44,49-51],
which is also effective for NODE [46]. After training NODE, the rotation
component is transformed back into unit quaternions using the so-
called exponential map [44,47]. While training NODE, in each iteration
we extract from the N demonstrations in D a short contiguous segment
of length T, obtained by drawing from D elements at random temporal
locations T;, T, < T [46]. We then concatenate each element of D;

into the vectors x) = <f:‘T,p;’T,r;’T)T, t=1,....,T,n=1,...,N. Given
the input vectors x/',Vs,n, NODE uses its internal neural network n,
(called target network) to produce derivatives of the input that are then
numerically integrated to produce a predicted trajectory X;,V?,n. For

training NODE, we used the mean squared error loss £, defined as:

N T

1 N
£=2 2 Xl =513
n=1 t=1
1 N T
=5 X 2T = TG+ gy = B + llr = #7153 8
n=1 t=1

Ultimately, the trained NODE’s target network is the following model
o =ny(f.p.F) ©

that is initialized with the initial state of the system comprised of
the output f, of the pre-trained detection model (i.e., YOLO) and the
initial robot’s position p, and tangent space orientation r,. As output,
it produces the robot velocity ¢ € R®, which is the time derivative of p
and r, imitating the complex trajectories demonstrated in the dataset.
In subsequent steps of the robot’s motion, NODE evolves in an open-
loop fashion its internal belief of the current state of f, p, and #, while
keeping on predicting the velocity o.

4.3. Merging DL and IL with the large projector

The DL-based detection model and the NODE target network are
deployed within the robot control loop, as shown in the schematic
of our approach (Fig. 3). Given the desired and current image, the
DL-based detector extracts the visual features, as in (4), which are
then used to compute the visual error e and its norm 7. These values
are needed to compute the primary task in (3). The lower priority
(secondary) task considers the corrective velocity ¢ as regressed from
the NODE target network (9).

In our scheme, the pre-trained YOLO model represents the DL-based
detector. The higher-priority task uses the current features (detected
from the camera image) to adapt to changes in the object’s location.
This feedback term also ensures convergence to the desired visual
features f* (i.e., e — 0 for t - +o0). At the same time, the NODE
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network realizes an open-loop IL strategy that lets the robot execute
more complex motions without affecting the convergence.

5. Experimental setup

In this section, we describe in detail our setup, including the hard-
ware and software systems used in our experiments. We describe how
we collect demonstrations, train NODE, and specify the metrics used
for evaluation.

5.1. Hardware and software components

We use a Franka Emika Panda robot, a 7-degrees-of-freedom robotic
arm. It features advanced force sensing and collision detection capabil-
ities, making it safe and suitable for manipulation tasks in collaborative
environments. The robot is fixed on a tabletop and equipped with an
Intel RealSense D435 camera at the end effector. We run our image
detection pipeline on a computer with an Intel i5-7640X CPU, 32 GB
RAM, and an NVIDIA GeForce RTX 4060 Ti GPU. The robot control
software runs on a separate computer with a real-time OS kernel on
the same network.

Our software is implemented using ROS noetic and we use the
franka_example_controllers? package to communicate with
the robot. The ROS interface accepts pose-level input, which we obtain
by integrating the velocity command, computed as in (2) Furthermore,
we experimentally verified that position and orientation tasks are de-
coupled in (2). This is because the features from YOLO (obtained from
the squared bounding box) do not contain information on the orien-
tation; recall Fig. 2. Therefore, as a difference from the general block
diagram in Fig. 3, the velocity output of NODE is split into its linear and
angular parts; the first actually enters the large projection formulation,
whereas the latter goes directly to the robot. This implementation
detail implies that the control structure maintains the robot stability
in position, while the execution of the orientation is delegated to the
mere imitation strategy. Nevertheless, it is worth mentioning that in
our experiments, we observe that, with few demonstrations, the robot
can perform safe behaviors even in orientation.

We use the realsense2_camera?® package to communicate with
the camera and run YOLO with the darknet _ros* package, capturing
RGB camera images with a size of 640 x 480 pixels at a framerate of
30 Hz. We use the standard calibration procedures provided by the
cv2® Python library to determine the camera’s intrinsic parameters
(consisting of the focal length and the central point). Instead, to de-
termine the extrinsic camera parameters (i.e., the pose of the camera
with respect to the robot’s gripper), we use the aruco_ros® package
and the cv2 library. NODE is implemented and trained in PyTorch. Our
open-source code, including the necessary software dependencies and
calibration scripts, is available at https://github.com/sayantanauddy/
il-dvs.

5.2. YOLO detector

The YOLO detector in our setup (see Fig. 3) uses the yolov2-
tiny [18] model pretrained on the COCO dataset [52]. The underlying
YOLO network can be easily changed to any of the other pre-trained
models provided by the darknet_ros* package. In our experiments,
we select the object of interest (e.g., the mouse or the cup) from the
list of all objects detected by YOLO and use the detected features of
this object for VS.

2 https://wiki.ros.org/franka_example_controllers.
3 https://wiki.ros.org/realsense2_camera.

4 http://wiki.ros.org/darknet_ros.

5 https://opencv.org/.

6 https://wiki.ros.org/aruco_ros.
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(a) Initial image of the mouse.

(b) Final image of the mouse.

G2 G8
(c) Initial image of the cup.

(d) Final image of the cup.

Fig. 4. Initial (left) and final images (right) captured by the robot camera in the
experiments with the mouse (top) and the cup (bottom). Desired visual features are
shown in blue and denoted with the letter “G”, whereas the current visual features
are the green letters “C”. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

The rectangular bounding boxes originally predicted by YOLO often
show significant variations in aspect ratio and vertex positions, even
in consecutive frames that appear visually identical. These spurious
changes cause abrupt jumps in the computed visual error that can dis-
rupt closed-loop control dynamics and impede target convergence. This
issue is particularly critical near the end of the robot’s trajectory, where
the current bounding box nearly overlaps with the target bounding box,
potentially leading to convergence problems. Therefore, we convert the
rectangular bounding boxes into squares with side lengths equal to the
larger dimension of the original rectangle while maintaining the same
center point. To further mitigate noise in the detected visual features
(i.e., vertices of the bounding box), we apply average filtering over
the past 50 frames. As the object of interest is not subject to rapid
movements in the camera frame, smoothing the error signal facilitates
convergence without compromising the robot’s speed, as demonstrated
in the supplementary video.”

We use the vertices of the resulting bounding box as features in our
VS scheme. In the presentation of our results, such features are denoted
with “C;” whereas their desired counterparts are “G;”, withi =1,...,4.

5.3. Collection of demonstrations

For training NODE, we collect demonstrations via kinesthetic teach-
ing [5]. The object under consideration is placed in a specific location,
and a human user physically guides the robot’s end-effector from an
initial pose to the desired final pose. We collect two sets of demonstra-
tions corresponding to two different objects. In the first set, a computer
mouse is placed on the table with the robot’s camera looking down at
the mouse; kinesthetic demonstrations are provided so that the image
of the mouse is rotated 90° clockwise in the final pose of the robot.
The latter set of demonstrations is collected using a cup. In the initial
pose for these demonstrations, the camera looks side-on at a cup on the
table; in the final one, the robot’s end-effector is positioned on top of
the cup with the camera looking down. See Fig. 4 for a visual reference
of the initial and final poses for the mouse and cup demonstrations.
Each set contains four demonstrations used to train a NODE (one for
each set). Each demonstration consists of a sequence of 500 steps.

7 https://youtu.be/bOlviYIXarl.
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Fig. 5. Position trajectories of demonstrations provided for the “Centering the mouse
in the image” (left) and “Dropping an object in the cup” (right) tasks. Diversity is
introduced by starting from different initial poses and also through the differences
between each kinesthetic demonstration.
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Fig. 6. The object position used during the collection of the demonstrations is the one
at the center, whereas the four novel object positions used for the evaluation are 15
cm off the center.

In each set, the object’s position remains unchanged but diversity is
introduced into the collected data by starting each demonstration from
a different pose. Furthermore, manual kinesthetic demonstrations result
in different trajectories and also introduce diversity into the training
data. The position trajectories of the demonstrations collected for the
two tasks are depicted in Fig. 5.

5.4. NODE training

The NODE target network predicts the derivatives of the inputs, and
during training, numerical integration is used to generate trajectories
from the predictions [46]. We use a NODE target network with 2 hidden
layers containing 256 neurons each and ReLU activations. In each
demonstration » and each step ¢ of the training data, the inputs and
outputs of the NODE are 10-dimensional, consisting of the upper left
and lower right vertices of the bounding box (i.e., the visual features)
f:' € R* in image coordinates normalized to lie within [0.0, 100.0], the
position (in cm) of the robot’s end-effector in the task space p! € R,
and the rotation vector r/ € R? obtained by projecting the orientation
quaternions of the end-effector to the local tangent space, as described
in Section 4.2. Following [46], we scale the rotation vectors by a
constant factor of 100.0 so that all input features are of comparable
magnitudes. For each recorded demonstration set (mouse and cup), we
train a NODE for 2x 10* iterations with a learning rate of 5x 10~ using
the loss defined in (8).

Note that the sides of the bounding boxes detected by YOLO are
always parallel to the image sides (the image coordinates of only the
upper left and lower right vertices of the bounding boxes are predicted).
Consequently, the visual features that are recorded to train the NODE
are also 4-dimensional. Our VS scheme uses a general representation
of a bounding box consisting of the features corresponding to all 4
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vertices. Therefore, during inference, we compute the 8-dimensional
visual features by deriving the coordinates of the upper right and lower
left vertices from the YOLO predictions.

5.5. Evaluation protocol

Our analysis compares the performance of three VS schemes. The
first is denoted with IIL and uses a NODE instance trained on the
demonstrations to control the robot in an end-to-end fashion. The
second one is a classic VS scheme where YOLO provides the required
visual feedback; following the literature [34,35], we call it DVS, as it is
a direct approach considering the whole image as input. Finally, our
proposed method, augmenting the ILVS scheme [12] with DL-based
direct measurement, is called IL-DVS. It is worth mentioning that, for a
fair comparison, all the approaches are fed with the square and filtered
bounding boxes computed as discussed in Section 5.2.

We conduct separate experiments for the mouse and the cup. For
each experiment, we evaluate the performance of the three schemes for
five different object positions: one as in the demonstrations, and four
unseen positions, as shown in Fig. 6. We run each test for 7 = 700 time
steps, where T is the demonstration length, and measure the norm of
the visual error. and the end-effector position and orientation error at
the final step of the experiment.

All errors are computed at the final step of the robot’s trajectory.
In particular, the visual error norm 7 is computed using (6). The
end-effector position error is computed as

6= |lpr — pgll» (10$)

where p, € R3 is the Cartesian position of the robot at the last step of
the demonstration (i.e., the ground truth desired position) and p; € R?
is the final position reached during the evaluation. The orientation
error is computed using the orientation gr € S of the robot in the
last step of the experiment and g, € S? the orientation at the end of the
demonstration (i.e., the ground truth desired orientation). The measure
of the orientation error is computed as

e=| 10z (ar @), an

where log(-) denotes the logarithmic map [44], g, denotes the con-
jugation of quaternion q,, whereas the symbol ‘®’ is the quaternion
product operator. Note that the position error § is not computed for
novel object positions as there is no ground truth end-effector position
p, for these object positions. However, the relative orientation of the
robot’s end-effector with respect to the object at the end of execution
is expected to be the same irrespective of whether the object is placed
at the demonstrated or novel locations. This enables us to measure the
orientation error ¢ for trained as well as novel object positions.

Furthermore, for the cup experiment, we measure the success of
dropping a small object into the cup at the end of the robot’s motion.
Since resetting the robot after every evaluation may introduce some
stochasticity, we evaluate each method on each object position three
times. Finally, we also perform a qualitative evaluation of our IL-DVS
scheme in a cluttered scene where an object is to be dropped into a cup
at different positions among several other objects.

6. Experimental results

During the evaluation of the different approaches described in
Section 5.5, the same trained NODE is used in our IL-DVS approach as
well as in IIL where NODE controls the robot in an end-to-end way. This
section presents the results of the different approaches in the mouse and
cup experiments. Examples of the presented experiments can be viewed
in the supplementary video.®
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Fig. 7. Centering the mouse in the image: the average norm of the final visual error (left), position (center), and orientation error (right) achieved with the three schemes, starting
from similar trained positions or novel ones. All errors are computed at the final step of the robot’s trajectory. Note that the end-effector position error cannot be computed for
the novel positions. Colored boxes show the means and error bars show the 95% confidence interval. (For interpretation of the references to color in this figure legend, the reader

is referred to the web version of this article.)
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Fig. 8. Dropping an object in the cup: the average norm of the final visual error (left), position (center), and orientation error (right) achieved with the three schemes, starting
from similar trained positions or novel ones. All errors are computed at the final step of the robot’s trajectory. Note that the end-effector position error cannot be computed for
the novel positions. Colored boxes show the means and error bars show the 95% confidence interval. (For interpretation of the references to color in this figure legend, the reader

is referred to the web version of this article.)

(a) Initial image. (b) Final image with DVS.

(c) Final image with IIL.

(d) Final image with IL-DVS.

Fig. 9. Centering the mouse in the image with novel mouse locations: initial and
final images reached with the different methods. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)

6.1. Centering the mouse in the image

The goal of the first set of experiments is to move the robot such that
the image of the mouse (whose visual features are shown in green in
Fig. 9) coincides with its desired image (corresponding to a desired set
of features, shown in blue in Fig. 9). Note that the task also requests the
robot camera (and end-effector) to rotate in order to reach the desired
relative camera-mouse pose. We evaluate each of the three schemes
(DVS, IIL, IL-DVS) on five different object positions, as described in

8 https://youtu.be/bOlviYlXarl.

Section 5.5, and report the overall results in Fig. 7. DVS achieves low
visual errors but fails to control the orientation correctly. IIL achieves
low orientation errors but cannot adapt to novel object positions lead-
ing to a high visual error. In contrast, our IL-DVS approach exhibits a
low visual error, can adapt to novel object positions, and controls the
robot orientation properly.

More in detail, DVS achieves the lowest visual error as VS with
YOLO alone can position the robot camera such that the current and
desired visual features match very closely. However, as the features
detected by YOLO do not have any information about the real ori-
entation of the mouse, the yaw orientation of the robot’s end-effector
does not change at all. As a result, the final orientation reached in this
experiment is very different from the desired one (compare the desired
pose in Fig. 4 with the final pose achieved by DVS in Fig. 9(b)). The
IIL approach can achieve low orientation error as the underlying NODE
has been trained to achieve the demonstrated orientation. However,
it cannot compensate for the changes in the novel mouse positions
outside the demonstrations, resulting in high visual error. This effect
can also be qualitatively observed in Fig. 9(c). Our IL-DVS approach
can adapt to novel positions of the mouse. At the same time, it utilizes
the trained NODE to achieve the correct orientation as shown by the
kinesthetic demonstrations. This enables IL-DVS to take advantage of
both DVS and IL and achieve low visual and orientation errors, making
it the best approach among the ones we evaluate. Fig. 9(d) shows that
IL-DVS achieves a close fit to the desired visual features and the desired
orientation.

6.2. Dropping an object in the cup

The second set of experiments aims to drive the robot end-effector
on top of the cup and drop an object in it, leveraging the demonstra-
tions recorded with the cup. Note that these experiments present the
additional challenge of performing nontrivial (e.g., nonlinear) trajecto-
ries. The camera’s initial and desired views are representative of two
completely different camera—cup relative poses, as shown in Fig. 4.

The quantitative evaluation is presented in Fig. 8. The different
approaches are again evaluated for one trained object position and
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Fig. 10. Dropping an object in the cup placed in a novel position: robot external view
(left column) and the corresponding camera view (right column) as executed by DVS
(a,b), IIL (c,d) and IL-DVS (e,f).
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Fig. 11. Drop an object in the cup: the visual error with the trained object position
(left) and two novel positions (center and right).

four novel object positions outside the demonstrations, as described
in Section 5.5. DVS achieves a low visual error but fails to move the
end-effector above the cup and orient it properly, resulting in high
position and orientation errors. IIL achieves a low orientation error
but cannot adapt to novel object positions leading to a high visual
error. As expected, the visual error is much higher for the novel object
positions; the orientation error remains low for both trained and novel
object positions. IL-DVS, i.e., our approach, achieves low errors for both
position and orientation (corresponding to limited visual errors) as it
can adapt to novel object positions and orient the robot properly.

A qualitative evaluation is shown in Fig. 10 and confirms the quan-
titative results. The DVS approach can align the visual features to their
desired counterpart (Fig. 10(b)), but the robot ends up in a completely
wrong pose (Fig. 10(a)). As a result, it cannot drop the grasped object
into the cup. IIL attempts to realize the complex trajectory required
to execute the dropping task, but it has poor accuracy (Fig. 10(c)).
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Table 1
Success rates for dropping an object into the cup.

Approach Success rate [%]

Train Novel Overall
DVS 0.00 0.00 0.00
IIL 83.33 0.00 16.67
IL-DVS 100.00 95.83 96.67

In particular, for a novel object position, as the one shown in the
figure, the robot is unable to adapt and drops the object outside the
cup (Fig. 10(d)). IL-DVS (ours) shows the best performance among all
the approaches, as it can cope with changing positions of the cup and
drops the object successfully, as shown in Figs. 10(e) and 10(f).

Fig. 11 shows the time evolution of the visual error for the trained
object position and two novel object positions during a complete ex-
periment (see Fig. 6 for a description of the trained and novel object
positions). IL-DVS (ours) achieves a low visual error for both novel
as well as trained object positions, whereas IIL achieves much higher
visual errors for novel object positions due to its inability to adapt. As
expected, the visual error made by DVS stays low throughout.

We also report the success rates of dropping the object into the cup
for all methods (see Table 1). Each approach is evaluated 15 times
as described in Section 5.5 (5 object positions for each of the 3 trials
per object position) and we report mean values for success. A trial is
considered 100% successful if the object drops cleanly into the cup,
50% successful if the object hits the cup’s rim but eventually falls inside,
and 0% otherwise. Table 1 shows that our IL-DVS approach achieves
near-perfect results, while IIL achieves a much lower score since it
is unsuccessful in dropping the object into the cup placed at novel
positions; DVS is never able to drop the object into the cup and gets
a score of 0.

6.3. Handling cluttered scenes

We execute the experiments presented in the previous section in
a cluttered setting and qualitatively evaluate the effectiveness of our
IL-DVS approach. The cup is placed on the table among several other
objects, such as a book, a plate, a clamp, a spatula, and a game
controller. In different trials, the location of the cup is varied among
the other objects (see Fig. 12).

The pre-trained YOLO object detection model identifies multiple
objects in the scene, as shown in Fig. 13 (left). As YOLO provides a
list of detected object names and their corresponding visual features,
we can easily select the object of interest (the cup, in our case) and use
its visual features for VS, see Fig. 13 (right). Once the cup is selected as
the desired object, the robot executes the required motion to position
its gripper over the cup. Additionally, in a cluttered scene, YOLO offers
us the flexibility of easily changing the target object to any other object
detected in the scene.

With our IL-DVS approach, the robot successfully drops the object
into the cup in a cluttered setting and also adapts its pose to the
different locations of the cup, as shown in Fig. 12 (note that the
locations of the cup and the corresponding final poses of the robot in
these snapshots). Finally, Fig. 14 shows some views of the object being
dropped into the cup placed in different cluttered scenes, as seen from
the robot’s end-effector camera.

7. Conclusion

In this paper, we have presented Imitation Learning-based Direct
Visual Servoing (IL-DVS), a dynamical system-based imitation learning
approach for direct visual servoing. The proposed framework over-
comes several limitations of existing approaches. IL-DVS exploits oft-
the-shelf deep learning-based perception to extract features from raw
camera images, augmented with imitation learning layers that generate
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Fig. 12. With IL-DVS, the robot successfully drops the object into the cup placed in different positions of a cluttered table.

c2 .
2] I

Fig. 13. YOLO detects a cup robustly even in a cluttered scene (left), providing the
required visual features shown with green letters ‘C’ (right); the desired features are
also shown, with blue letters ‘G’. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
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Fig. 14. Two final image frames captured by the robot camera showing that IL-DVS
successfully drives the robot to drop the object into the cup in different cluttered
environments.

complex robot trajectories. A key difference from end-to-end learning
approaches is that IL-DVS exploits a control theoretical framework to
ensure convergence to a given target. The approach has been exten-
sively evaluated with real robot experiments, and compared with two
baselines showing superior performance.
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