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Abstract— This paper presents a visual servoing system
for human-robot interaction that emulates mutual gaze and
joint attention. A YOLOv8n module detects human faces or
objects of a given category, and the image-plane error is
regulated to zero via an Image-Based Visual Servoing (IBVS)
law implemented within a Singularity-Robust Task-Priority
framework. Four tasks are arranged in a strict hierarchy: joint
limit avoidance, collision avoidance, camera roll stabilisation
and IBVS tracking. This hierarchy guarantees that safety
constraints are never sacrificed for tracking performance, while
redundant degrees of freedom are used to maintain the image
horizon level and keep the detected entity to the center of the
image plane. Experimental results demonstrate robust tracking,
strict enforcement of all constraints and the qualitative benefits
of roll stabilization for achieving natural gaze behavior.

I. INTRODUCTION

Stemming from the increasing integration of robots in
domestic environments –not only for assisting elderly people
or individuals with disabilities– Human-Robot Interaction
(HRI) has become a topic of growing interest. In social
settings, robots are expected to engage with humans and
display intentionality through natural communication. Mod-
ern socially interactive robots pursue this goal using a
series of non-verbal, attention-based mechanisms [1] that
reinforce verbal communication. Among these, eye gaze is a
key mechanism for social engagement, typically categorized
into mutual gaze (i.e., eye contact), referential or deictic
gaze, joint attention, and gaze aversions [2]. In particular,
reciprocal gaze has a crucial effect on attribution of human-
likeness [3], which motivates the need for technical solutions
to ensure the robot consistently orients toward its interlocu-
tor, involving a dedicated vision system and a specifically
designed control strategy. Traditionally, these abilities have
been reserved for humanoid robots; however, there is the risk
that such robots can trigger the uncanny valley phenomenon
[4], hence this work focuses on a standard robotic arm
that moves a camera emulating robot eyes. Although many
works address eye gaze in HRI, they primarily focus on
the detection of mutual gaze [5], [6], the classification of
gaze types [7], [8], or their effects on humans [9], with low
attention dedicated to achieving social skills while respecting
robots’ inherent kinematic and control limitations. This work
proposes an approach based on visual servoing for mutual
gaze and explicit joint attention that accounts for robot-
related constraints. The core of the proposed approach is to
command a robot manipulator equipped with an eye-in-hand
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camera that serves as the robot’s visual apparatus, thereby
directing the “robot gaze” to consistently center the human
interlocutor’s face within the image plane. Although this
appears to be the highest-priority objective, it is nonetheless
subordinated to joint-limit compliance and collision avoid-
ance. Consequently, tracking of the human face is achieved
through a multi-task kinematic control strategy with task
hierarchy, wherein the gaze objective remains subordinate to
safety constraints. Control algorithms that pursue this goal
have been investigated since the origins of robotics, initially
considering only the execution of two tasks with relative
priority [10] and finally generalized to an arbitrary number
of tasks [11]. To cope with the kinematic and algorithmic
singularities of this generalized scheme, [12] proposed the
Singularity-Robust Task-Priority (SRTP) formulation. A rig-
orous stability analysis of task-priority closed-loop inverse
kinematics (CLIK) was later provided by [13]. A scheme
to compute a control law for a set of bilateral tasks and
unilateral constraints, typical of visual servoing, is then
proposed within the Stack-of-Tasks framework [14]. More
recent work [15] proposes the Saturation in the Null Space
(SNS) approach to account for hard joint constraints. This
formulation was then extended in [16], which proposes a
unified framework to resolve redundancy at the velocity,
acceleration, and torque levels, denoted eSNS in its basic
form and Fast-eSNS and Opt-eSNS in its enhanced variants.

We present here a system that integrates visual servoing
of a robotic arm to detect and track human faces, thereby
establishing and maintaining mutual gaze with an interlocu-
tor. This capability is further enriched with an explicit joint-
attention mechanism to track an object chosen by the human.
Our contributions are as follows:

• We develop a detection module to identify human faces
and objects using the YOLOv8n network.

• We adopt a task-priority approach to implement Image-
Based Visual Servoing (IBVS), explicitly considering
the kinematic and physical constraints of the robot.

• We provide experimental validation in both simulated
and real-world environments to evaluate the effective-
ness of the proposed algorithms.

II. METHOD
A. Image-Based Visual Servoing

The vision system is modelled as a standard pinhole
camera. A 3D point p = [px, py, pz]

⊤ expressed in the
camera frame maps to pixel coordinates

u = fx
px
pz

+ cx, v = fy
py
pz

+ cy, (1)



where fx, fy are the focal lengths in pixels, (cx, cy) is the
principal point, and pz ≡ Z > 0 is the depth.

Face or object detection is handled by a YOLOv8n net-
work, which processes each incoming colour frame and
returns an axis-aligned bounding box for every detected
entity. The visual feature is the centroid of the bounding box,
s = [u, v]⊤ ∈ R2, expressed directly in pixel coordinates.
The desired features s∗ = [cx, cy]

⊤ correspond to the image
centre, so that the centred coordinates ũ = u − cx and
ṽ = v−cy represent the alignment error between the detected
centroid and the optical axis. The control error is accordingly
e = s− s∗.

The time derivative of s relates to the camera spatial
velocity vc ∈ R6, expressed in the camera frame, through
the image Jacobian [17]:

ṡ = Limg vc, (2)

where vc = [vx vy vz ωx ωy ωz]
⊤. For a point at depth Z,

the image Jacobian is the 2× 6 matrix

Limg =
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(3)

with scale factors ρu = 1/αx, ρv = 1/αy , where αx, αy

are the pixel-to-metre conversion factors. As usual in image-
based visual servoing, given the low sensitivity to the value
of Z [17], this is kept constant at an average value foreseen
for the specific application.

The camera is fixed to the end-effector flange, with the
camera frame assumed to be aligned with the tool frame.
Given that the camera velocity vc is expressed in the camera
frame, the joint velocity vector q̇ibvs is obtained by combin-
ing the image Jacobian with the robot Jacobian expressed in
the camera frame Jcam ∈ R6×6:

q̇ibvs = −λ
(
Limg Jcam

)†
e, (4)

where (·)† denotes the Moore-Penrose pseudoinverse and λ
is the control gain. The camera-frame Jacobian is obtained
from the base-frame Jacobian J via:

Jcam =

(
Rcam 0
0 Rcam

)
J , (5)

where Rcam ∈ SO(3) is the rotation matrix from the base
frame to the camera frame, obtained at each control cycle
from the forward kinematics.

B. Task-Priority Framework

Considering that the robot moving the camera is assumed
to have six joints, and the visual task is two-dimensional
(u and v), four degrees of freedom are redundant and can
be used to satisfy additional objectives. The task-priority
approach [11] assigns a strict order to these objectives: lower-
priority tasks can only use motions in the null space of all
higher-priority ones, so they never interfere with them.

Following the Singularity-Robust Task Priority formula-
tion [12] to mitigate the algorithmic singularities arising

from [11], the contribution of task i to the joint velocity
is computed as

q̇i = Pi−1 J
†
i vi, (6)

where J†
i is the Moore-Penrose pseudo-inverse of the task

Jacobian Ji, and Pi−1 is the null-space projector of all
higher-priority tasks. The projector is updated recursively:

Pi = Pi−1

(
I − J†

i Ji

)
, P0 = I. (7)

In the classical closed-loop fashion, each task acts as a
proportional regulator on the task error, vi = Ki ei, and
the total joint command is computed by cumulating all nt

task contributions, i.e.,

q̇tot =

nt∑
i=1

q̇i. (8)

When a task is inactive, its Jacobian is set to a 0×6 matrix;
consequently, Pi = Pi−1 and the entire null space are passed
to the next task. This allows constraints to be activated
and deactivated dynamically without any discontinuity in the
velocity command.

As mentioned in the introduction, although the main task
is the face tracking of the human partner, the robot has to
accomplish it properly; namely, it must respect its joint po-
sition and velocity limits, avoid collisions with other objects
in the scene, and try to optimize the camera orientation to
avoid configurations that might be experienced as weird by
the human. To achieve this objective, four tasks are assigned
to the robot and arranged in the hierarchy listed below, from
safety-critical tasks (1 and 2) to functional tasks (3 and 4).

Task 1 – Joint Limit Avoidance: For joint j, let djlow =
qj − qj,min and djup = qj,max − qj be the distances from the
lower qj,min and upper qj,max hard limits, respectively. The
following cubic Hermite smoothstep function

α(d) = 1−
(
d

d̄

)2(
3− 2d

d̄

)
, d < d̄, (9)

with d̄ = 10◦ is defined to modulate the repulsive velocity

q̇1 =

q̇1
...
q̇6

 , q̇j =


α(djlow) if djlow < d̄

−α(djup) if djup < d̄

0 otherwise
(10)

The corresponding task Jacobian Jlim ∈ Rm×6 selects the
rows of I6 for the m ≥ 0 currently active joints, i.e.,
when qj ∈ [qj,min + d̄, qj,max − d̄]. The smoothstep function
guarantees that α(d̄) = 0 and α′(d̄) = 0, ensuring C1

continuity at the activation boundary and eliminating velocity
discontinuities when a joint enters or leaves the repulsive
zone.

Task 2 – Collision Avoidance: The objective of the
second task is to keep the end effector above the support
surface of the arm, modelled as a horizontal plane at z-
coordinate zmin in the base frame. Let d = zee − zmin be
the signed distance from the hard limit, the task Jacobian
is obviously the third row of the base-frame robot Jacobian
J , which maps joint velocities into the end-effector velocity
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Fig. 1. Definition of the task error of the camera roll angle eroll: xc, yc
and zc are the camera frame axes; gcamp and ecamz,p are the projections of
gcam and Rcamez onto xc, yc plane.

żee along the z axis of the base frame. The joint-velocity
contribution is then

q̇2 = kcol P1 J
†
col α(d), (11)

where kcol > 0 is the task gain and α(d) is defined in (9)
with the activation threshold set to d̄ = 0.03m. When d ≥ d̄,
the Jacobian Jcol is set to a 0×6 matrix, and the velocity q̇2
is zero, passing the entire null space to lower-priority tasks.

Task 3 – Roll Stabilisation: This task is aimed at
keeping, as much as possible compatibly with higher priority
tasks, the roll orientation angle of the camera close to
zero so that the image horizon remains level. Let gcam =
(gx gy gz)

� = −Rcam ez be the z axis of the base frame
expressed in the camera frame, ez = (0 0 1)�. As shown
in Fig. 1, the roll error is the angle that the projection of
gcam onto the camera x, y plane makes with the y axis of
the camera frame, i.e.,

eroll = atan2(gx, gy). (12)

This error is zero when the image horizon is level. The
corresponding task Jacobian Jroll is simply the last row of
the matrix Jcam that maps joint velocities to the z component
of the camera angular velocity. The control joint velocity for
roll stabilisation is

q̇3 = krollP2J
†
rolleroll, (13)

being kroll > 0 the task gain.
Task 4 – IBVS Tracking: The visual tracking law (4) is

projected through the null space of all previous tasks as

q̇4 = −λP3

(
Limg Jcam

)†
e. (14)

Placing the visual task at the lowest priority ensures the
safety constraints are never sacrificed for tracking perfor-
mance. When a safety task is active, the tracking objective is
fulfilled only in the remaining null space; if the null space is
exhausted, tracking degrades without violating a constraint.

Finally, to prevent commands from exceeding joint veloc-
ity limits, the total velocity is scaled uniformly by the most
restrictive joint factor, i.e.,

χ = min
j

(
1,

q̇j,max

|q̇tot,j |

)
, q̇sat = χ q̇tot, (15)

which preserves the direction of motion while keeping all
joints within the limits.

TABLE I
MECA500 JOINT VELOCITY AND POSITION LIMITS

Joints q̇max [°/s] qmin, qmax [°]

1–2 150 ± 175
3 180 ± 70
4–5 300 ± 175
6 500 ± 180

Fig. 2. Snaps of the object (top) and face (bottom) tracking experiment.
Robot view and tracked object (right); external view (left).

III. EXPERIMENTAL RESULTS

A. Real-Time Software Architecture

The experimental setup is depicted in Fig. 2-top-left. A
Meca500 robot is equipped with an Intel RealSense D435i
camera rigidly mounted as end effector. The robot kinematic
limits are reported in Tab. I. The camera streams a 640 ×
480 RGB image at 30 fps. The image is elaborated by a
YOLOv8n model that runs at 7.5Hz. The algorithms run on
a computer equipped with an Intel i7-12650H processor with
32 GB of RAM. The robot joints are velocity-controlled via
EtherCAT. To ensure bounded latency, the standard Linux
scheduling is insufficient, Xenomai 3 [18] is adopted: it runs a
hard-real-time co-kernel (Cobalt) alongside the Linux kernel,
guaranteeing worst-case jitter below 50µs. Everything is co-
ordinated with ROS 2 Humble, while CycloneDDS is used as
the RMW implementation. The control algorithm described
in the previous sections runs in a dedicated ROS node at
100Hz. The control parameters zmin = 0.08m, kcol = 1,
and kroll = 1 are chosen according to the guidelines in [19]
as a trade-off between stability and desired performances.
In IBVS, Z is set to 1 m and the gain λ = 1 is chosen
to ensure stability, given the low inference rate achieved by
YOLOv8n. A video reporting the real-world experiments, as
well as an additional simulation experiment, is available at
https://youtu.be/lpGeq0yCTu0.

B. Object Tracking

Two experiments were conducted to evaluate the frame-
work. The first demonstrates the system’s ability to track
an object held by a human operator, namely a smart-
phone (Fig. 2-top). Figure 3 illustrates the image-plane error



Fig. 3. Object tracking experiment: Image-plane tracking error e =
[eu, ev ]� over time.

Fig. 4. Object tracking experiment: Normalised task contributions over
time.

throughout the trial. To provide context for the tracking
accuracy, a 100 px error corresponds to a lateral offset of
approximately 0.1m at a depth of Z = 1m. The error stays
mostly within the ±100 px band on both axes during normal
tracking. The larger transient spikes, reaching up to ±450 px
in u and ±300 px in v, occur when the object moves quickly
or briefly leaves the camera field of view, causing YOLO to
lose the target; once detection recovers, the controller brings
the centroid back to the image centre within a few seconds,
demonstrating the robustness of the proportional IBVS law
to re-acquisition transients.

Figure 4 reports the contribution of each task to the total
joint-velocity norm, normalised to sum to 1. The IBVS task
is the primary driver of motion throughout the experiment,
typically accounting for more than half of the total norm dur-
ing active tracking. As expected, roll stabilisation contributes
continuously and significantly; as the arm pans to follow the
object, joint configuration changes induce a non-negligible
camera roll that must be corrected. Joint limit avoidance
and collision avoidance activate only when the robot actually
approaches a constraint boundary, with no spurious triggers
observed throughout the experiment.

The end-effector height in Fig. 5 never drops below
0.08m. The minimum height recorded during the experiment
was 0.107m (27mm above the hard limit). The collision
avoidance task engages smoothly each time the end-effector
descends into the activation zone and pushes it back up.

Fig. 5. Object tracking experiment: End-effector height zee over time.

Fig. 6. Object tracking experiment: Joint angle profiles q1–6 with safety
zones. Hard limits (red) and smoothstep activation boundaries (dashed
orange) are superimposed.

Figure 6 shows that all joints stay well within their
mechanical limits throughout the run. The minimum angular
margin observed was 5◦ on joint 3, confirming that the repul-
sive field provides an adequate safety buffer. No oscillation
was observed near any limit boundary, validating the C1

smoothness property of the activation function.

C. Face Tracking

The second experiment aims to demonstrate the capability
of the system in tracking an operator’s face, simulating a
mutual gaze (Fig. 2-bottom). Given the robot’s configuration
and the fact that the operator’s face is naturally positioned
higher than the object in the previous trial, the hard safety
height limit was set to zmin = 0.2m to rigorously evaluate
the collision avoidance system. Additionally, because the op-
erator cannot move behind the robot, the hard joint limit for
q1 was restricted to ±50◦ to ensure the joint-limit activation
could be effectively triggered and tested. Moreover, in order
to show the benefit of the roll stabilization task, an ablation
study has been carried out; the experiment has been repeated
two times, with and without the roll task, respectively.

The image error and the joint velocities control input
are shown in Fig. 7 and Fig. 8, respectively. Once again
the error is quite limited and reaches larger values only
during the operator’s quick motions. The C1 continuity
of the smoothstep ensures no abrupt velocity changes are



Fig. 7. Face tracking experiment: Image-plane tracking error e =
[eu, ev ]� over time.

Fig. 8. Face tracking experiment: Joint velocity profiles q̇1–6. All velocities
remain within the limits of Table I.

introduced during engagement or disengagement of the tasks,
as confirmed by the smooth velocity profiles throughout the
experiment. Moreover, the directional scaling of (4) ensures
that no limit is ever exceeded, without introducing any abrupt
change in motion direction.

The contribution of each task is shown in Fig. 9. As in the
previous experiment, most of the joint velocities are given
by tasks 3 and 4, while tasks 1 and 2 are active only in
specific time intervals. Figure 10 shows the joint positions
and limits. Joint 1 reaches and keeps its soft limit at t = 15 s,
while joint 5 briefly reaches the soft limit at t = 42 s. Once
again, the higher priority task is able to keep the joints within
the prescribed margins. Figure 11 shows the end-effector
height. The system behaves as expected with performances
comparable to those obtained with the object tracking.

Figure 12 reports task contributions for the additional
experiment without the roll stabilization task. This time,
practically all the joint velocity is given by the IBVS task
with very limited (but necessary) contributions of the higher
priority tasks. The reason for the task activation can also be
identified in the end effector height and the joint position
plots in Fig. 13 and Fig. 14, respectively. The control
objective is achieved, and the limits are enforced by the high-
level tasks. However, since no roll correction is applied, the

Fig. 9. Face tracking experiment: Normalised task contributions over time.

Fig. 10. Face tracking experiment: Joint angle profiles q1–6 with safety
zones.

final result is very different; in fact, as is shown in Fig. 15,
the robot reaches a tilted gaze configuration that makes the
human-robot interaction unnatural.

IV. CONCLUSIONS
This paper presented a task-priority visual servoing system

for a robotic arm designed to track objects and maintain
mutual gaze with a human. The described four-level hier-
archy, built with the SRTP framework, subordinates IBVS
tracking to joint limit avoidance, collision avoidance and
camera roll stabilization, ensuring that kinematic and safety
constraints are respected without a dedicated switching logic.
The smoothstep activation functions guarantee C1 continuity
at constraint boundaries, preventing discontinuities when
tasks enter or leave their activation regions. Real-robot exper-
iments on the Meca500 robotic arm confirmed that all joint
position limits and the end-effector height constraint were
always respected, with the controller recovering gracefully
from target loss due to fast motion or occlusions. An ablation
study demonstrated that omitting the roll stabilisation task,
while still achieving the tracking objective, leads to a tilted
camera configuration that makes the resulting gaze unnatural
and unsuitable for human-robot interactions.
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