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Adaptive Hybrid Visual Servo Control with Dynamic 
Smoothing for Enhanced Robotic Manipulator Control 

M.S.S. Perera, B.G.L.T. Samaranayake and W.A.N.I. Harischandra

Abstract:  This paper presents a comparative study of eight visual servoing control schemes for
robotic manipulation involving complex star-shaped object tracking. Three main approaches—Image-
Based Visual Servoing (IBVS), Position-Based Visual Servoing (PBVS), and hybrid methods are analysed
under fixed and adaptive gain configurations. Novel techniques include smoothing, adaptive blending,
and damped least squares (DLS) inversion. Experiments were conducted in MATLAB using a 6-DOF
PUMA-560 manipulator with an eye-in-hand camera tracking a 16-point asymmetric star-shaped target.
Evaluation metrics covered convergence, computational efficiency, positioning accuracy, trajectory
smoothness, and stability. Results show that the hybrid adaptive smoothing method outperforms
others, achieving 23 − 31% faster convergence, lowest final error (0.0008 m vs. 0.0015–0.0025 m), 45%
lower velocity variation, 38% fewer control discontinuities, and a 35% lower condition number, while
maintaining computation time within 5% of fixed-gain schemes. The improvement stems from sigmoid-
based adaptive blending—transitioning from IBVS  (adaptive  smoothing factor − 𝛼𝛼 =  0 ) under large
errors to PBVS (𝛼𝛼 >  0.8) near convergence and exponential moving average filtering of control
velocities. These results advance adaptive visual servoing for high-precision industrial automation.

Keywords:  Adaptive control, Damped Least Squares (DLS), Hybrid control systems, Image-Based 
Visual Servoing (IBVS), Industrial automation, Position-Based Visual Servoing (PBVS), Robotic 
manipulators, Visual Servoing (VS). 

1. Introduction

Industrial robotic manipulators are integral to 
modern manufacturing, performing complex 
assembly, welding, and material-handling tasks 
with increasing precision demands. Traditional 
control systems rely on absolute motion control 
based on fixed world coordinates but face major 
limitations such as calibration errors, 
unpredictable target motion, and pose 
estimation uncertainties, degrading 
performance in dynamic environments [1]. 

Visual servoing (VS) has emerged as a robust 
alternative by integrating real-time visual 
feedback into the control loop, enabling robots 
to perceive and adapt to environmental changes 
with greater precision than conventional open-
loop systems [2]. VS techniques are broadly 
categorized into position-based visual servoing 
(PBVS), which operates in 3D Cartesian space, 
and image-based visual servoing (IBVS), which 
directly utilizes 2D image features for control [3]. 
PBVS offers intuitive 3D trajectory planning but 
is highly sensitive to calibration and modeling 
errors [3], while IBVS is more robust to modeling 
uncertainties yet prone to local minima, image 
singularities, and non-smooth trajectories [4]. 
These complementary strengths and weaknesses 

have motivated hybrid approaches that exploit 
the advantages of both methods. 

However, visual servoing complexity increases 
significantly in mobile or dynamic industrial 
settings. Existing hybrid methods often rely on 
fixed switching criteria or static blending factors, 
limiting adaptability to varying conditions [5]. 
Moreover, they lack comprehensive adaptive 
mechanisms that intelligently respond to real-
time system errors and dynamics. Recent studies 
have focused on adaptive prediction, 
conditioning, and blending to expand 
convergence basins and alleviate Jacobian 
singularities [5], [6]. 
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This paper addresses these challenges through a 
novel adaptive hybrid visual servoing strategy 
incorporating dynamic smoothing, intelligent 
gain adaptation, and robust singularity 
handling. The proposed adaptive smoothing 
mechanism links the blending factor to image 
Jacobian singular values and residual errors, 
enabling smooth transitions without hand-
tuned thresholds. The controller defaults to IBVS 
under ill-conditioned or uncertain pose 
estimates and to PBVS when pose information is 
reliable, providing a conservative–decisive 
control balance that improves transient response 
and final accuracy. 
The main contributions of this paper are as 
follows: 
• Formulation, implementation, and 

comparative evaluation of eight visual 
servoing schemes (IBVS, PBVS, and hybrid 
variants) for complex star-shaped object 
tracking. 

• Development of adaptive blending factors 
based on Jacobian conditioning and residual 
errors, coupled with smoothing techniques 
that enhance trajectory quality and reduce 
control signal discontinuities. 

• Comprehensive comparative analysis across 
metrics such as convergence rate, 
computational efficiency, actuation effort, 
accuracy, and smoothness. 

• Definition of selection criteria and operating 
regions for each control scheme based on 
performance and application constraints. 

• Integration of damped least squares (DLS) 
with adaptive control to ensure stability 
under challenging geometries and expanded 
workspaces. 

 
The remainder of this paper is organized as 
follows: Section 2 outlines VS fundamentals and 
control strategies; Section 3 details the system 
configuration and mathematical framework; 
Section 4 presents simulation-based 
comparative analysis; and Section 5 concludes 
with findings and future research directions in 
adaptive VS for industrial manipulation. 
 
2.   Literature Review 
 
2.1 Fundamentals of Visual Servoing 
Visual servoing represents a control paradigm 
that closes the loop between perception and 
action by incorporating visual information 
directly into the robot control system [3].  Visual 
servoing has been studied extensively in 
robotics over the past three decades. Early PBVS 
methods [2] utilized precise 3D pose estimation 
based on camera calibration and object models. 

Although globally stable, PBVS requires 
accurate calibration, and its performance 
degrades under modeling errors. IBVS, first 
popularized by Espiau et al.[7], computes 
control actions directly from image features 
using the interaction (Jacobian) matrix. This 
approach is robust to modeling errors but is 
locally stable and subject to depth sensitivity [7]. 
The foundational work by Espiau et al. [7] 
established the mathematical framework for 
visual servoing, defining the interaction matrix 
that relates image feature velocities to camera 
motion. This seminal contribution laid the 
groundwork for subsequent developments in 
both PBVS and IBVS methodologies. 
 
On the other hand, hybrid-based visual servoing 
(HBVS) methods, first introduced by Malis et al.  
[8], aim to overcome the individual limitations 
of PBVS and IBVS. By combining 2D and 3D 
features, HBVS improves convergence while 
reducing calibration dependency. Several 
variations, including partitioned based IBVS 
switching schemes [9], have been developed to 
address singularities and local minima. 
Nevertheless, recent work has emphasized 
adaptive mechanisms to enhance hybrid 
servoing. For instance, gain scheduling 
strategies [10] and damping optimization using 
damped least squares (DLS) [11] have shown 
promise in improving robustness near 
singularities. However, these approaches often 
use fixed gain parameters, which limit flexibility 
in dynamic tasks. 
 
2.2 Position-Based Visual Servoing 
PBVS approaches estimate the 3D pose of target 
objects relative to the camera and formulate 
control laws in Cartesian space. Wilson et al. [4] 
presented a comprehensive design methodology 
for Cartesian position-based visual servo 
control, demonstrating the advantages of 
separating pose estimation from control design. 
Lippiello et al. [12] extended PBVS techniques to 
industrial multi-robot cells using hybrid camera 
configurations, showing improved performance 
in complex manufacturing scenarios. 
 
The primary advantage of PBVS lies in its 
intuitive operation in 3D workspace, enabling 
direct trajectory planning and collision 
avoidance [12]. However, PBVS systems require 
accurate camera calibration and precise 3D 
object models, making them sensitive to 
modeling errors and calibration uncertainties 
[13]. In practice, PBVS may generate large joint 
velocities if the reconstructed pose exhibits small 
biases that amplify through the inverse 

02ENGINEER 02



ENGINEER 2  

This paper addresses these challenges through a 
novel adaptive hybrid visual servoing strategy 
incorporating dynamic smoothing, intelligent 
gain adaptation, and robust singularity 
handling. The proposed adaptive smoothing 
mechanism links the blending factor to image 
Jacobian singular values and residual errors, 
enabling smooth transitions without hand-
tuned thresholds. The controller defaults to IBVS 
under ill-conditioned or uncertain pose 
estimates and to PBVS when pose information is 
reliable, providing a conservative–decisive 
control balance that improves transient response 
and final accuracy. 
The main contributions of this paper are as 
follows: 
• Formulation, implementation, and 

comparative evaluation of eight visual 
servoing schemes (IBVS, PBVS, and hybrid 
variants) for complex star-shaped object 
tracking. 

• Development of adaptive blending factors 
based on Jacobian conditioning and residual 
errors, coupled with smoothing techniques 
that enhance trajectory quality and reduce 
control signal discontinuities. 

• Comprehensive comparative analysis across 
metrics such as convergence rate, 
computational efficiency, actuation effort, 
accuracy, and smoothness. 

• Definition of selection criteria and operating 
regions for each control scheme based on 
performance and application constraints. 

• Integration of damped least squares (DLS) 
with adaptive control to ensure stability 
under challenging geometries and expanded 
workspaces. 

 
The remainder of this paper is organized as 
follows: Section 2 outlines VS fundamentals and 
control strategies; Section 3 details the system 
configuration and mathematical framework; 
Section 4 presents simulation-based 
comparative analysis; and Section 5 concludes 
with findings and future research directions in 
adaptive VS for industrial manipulation. 
 
2.   Literature Review 
 
2.1 Fundamentals of Visual Servoing 
Visual servoing represents a control paradigm 
that closes the loop between perception and 
action by incorporating visual information 
directly into the robot control system [3].  Visual 
servoing has been studied extensively in 
robotics over the past three decades. Early PBVS 
methods [2] utilized precise 3D pose estimation 
based on camera calibration and object models. 

Although globally stable, PBVS requires 
accurate calibration, and its performance 
degrades under modeling errors. IBVS, first 
popularized by Espiau et al.[7], computes 
control actions directly from image features 
using the interaction (Jacobian) matrix. This 
approach is robust to modeling errors but is 
locally stable and subject to depth sensitivity [7]. 
The foundational work by Espiau et al. [7] 
established the mathematical framework for 
visual servoing, defining the interaction matrix 
that relates image feature velocities to camera 
motion. This seminal contribution laid the 
groundwork for subsequent developments in 
both PBVS and IBVS methodologies. 
 
On the other hand, hybrid-based visual servoing 
(HBVS) methods, first introduced by Malis et al.  
[8], aim to overcome the individual limitations 
of PBVS and IBVS. By combining 2D and 3D 
features, HBVS improves convergence while 
reducing calibration dependency. Several 
variations, including partitioned based IBVS 
switching schemes [9], have been developed to 
address singularities and local minima. 
Nevertheless, recent work has emphasized 
adaptive mechanisms to enhance hybrid 
servoing. For instance, gain scheduling 
strategies [10] and damping optimization using 
damped least squares (DLS) [11] have shown 
promise in improving robustness near 
singularities. However, these approaches often 
use fixed gain parameters, which limit flexibility 
in dynamic tasks. 
 
2.2 Position-Based Visual Servoing 
PBVS approaches estimate the 3D pose of target 
objects relative to the camera and formulate 
control laws in Cartesian space. Wilson et al. [4] 
presented a comprehensive design methodology 
for Cartesian position-based visual servo 
control, demonstrating the advantages of 
separating pose estimation from control design. 
Lippiello et al. [12] extended PBVS techniques to 
industrial multi-robot cells using hybrid camera 
configurations, showing improved performance 
in complex manufacturing scenarios. 
 
The primary advantage of PBVS lies in its 
intuitive operation in 3D workspace, enabling 
direct trajectory planning and collision 
avoidance [12]. However, PBVS systems require 
accurate camera calibration and precise 3D 
object models, making them sensitive to 
modeling errors and calibration uncertainties 
[13]. In practice, PBVS may generate large joint 
velocities if the reconstructed pose exhibits small 
biases that amplify through the inverse 

 

 3 ENGINEER 

kinematics, particularly near kinematic 
singularities; damped least-squares (DLS) 
inverses are routinely used to bound this effect. 
 
2.3 Image-Based Visual Servoing 
IBVS methodologies directly utilize 2D image 
features to generate control commands, 
avoiding explicit 3D pose estimation [3]. 
Hutchinson et al. [3] provided a comprehensive 
tutorial on visual servo control, emphasizing the 
robust advantages of IBVS against camera 
calibration errors. Chaumette and Hutchinson 
[2] further explored advanced IBVS techniques, 
including feature selection strategies and 
singularity avoidance methods. 
 
The key benefits of IBVS include model-free 
operation and inherent robustness to calibration 
errors [14]. However, IBVS systems may 
encounter local minima, image singularities, and 
difficulties in predicting end-effector trajectories 
[13]. Recent contributions (2022–2025) have 
refined IBVS through several advances. These 
include discrete-time controllers with adaptive 
feature prediction to compensate for sampling 
and delay effects and virtual work-based 
formulations that address singularities and 
constraints more effectively [15]. For aerial 
robotic applications, robust IBVS schemes have 
been developed to track moving targets reliably 
despite environmental disturbances [16]. 
 
2.4 Hybrid Visual Servoing Approaches 
Recognizing the complementary nature of PBVS 
and IBVS, researchers have developed hybrid 
approaches to leverage the advantages of both 
methodologies. Malis et al. [8] introduced the 
2.5-D visual servoing concept, combining 2D 
and 3D information to avoid singularities and 
local minima. Corke and Hutchinson [9] 
proposed partitioned approaches that 
decompose the control problem into separate 
translational and rotational components. 
 
Recent advances in hybrid visual servoing 
include adaptive switching strategies [16], 
machine learning-enhanced blending and 
predictive control approaches [17]. However, 
most of the existing hybrid methods employ 
static or rule-based switching criteria, limiting 
their adaptability to dynamic operational 
conditions. 
 
2.5 Adaptive Control in Visual Servoing 
Adaptive control techniques have been applied 
to visual servoing to address parameter 
uncertainties and varying operational 
conditions. Krupa and Chaumette [18] 

developed adaptive gain controllers for 
constrained robots in visual servoing 
applications. Gonçalves et al. [19] investigated 
fuzzy model-based control for image-based 
visual servoing, demonstrating improved 
robustness in uncertain environments. 
 
Despite these advances, comprehensive 
adaptive frameworks that integrate gain 
adaptation, switching strategies, and smoothing 
mechanisms remain limited in literature. This 
research gap motivates the development of the 
proposed adaptive hybrid visual servoing 
approach. 
 
3.   Methodology 
 
Here, we consider an eye-in-hand camera 
configuration to reflect typical industrial end-
effector mounting [20], which rigidly attached to 
the end-effector, with camera frame {c} and end-
effector frame {e} related by a fixed transform 
𝑻𝑻 𝒄𝒄

𝒆𝒆 .  
 
3.1 System Configuration and 

Mathematical Framework 
The visual servoing system consists of a 6-DOF 
serial-link robotic manipulator equipped with 
an eye-in-hand camera configuration [20]. The 
mathematical foundation is built upon the 
perspective projection model and robot 
kinematics. The camera intrinsic parameters are 
represented by the calibration matrix 
 

𝑲𝑲 = [
𝑓𝑓𝑥𝑥 0 𝑢𝑢0
0 𝑓𝑓𝑦𝑦 𝑣𝑣0
0 0 1

]   … (1) 

 
where 𝑓𝑓𝑥𝑥 and 𝑓𝑓𝑦𝑦 are the focal lengths, and (𝑢𝑢0, 𝑣𝑣0) 
represent the principal point coordinates. The 
perspective projection of a 3D point 𝑷𝑷 =
[𝑋𝑋, 𝑌𝑌, 𝑍𝑍]𝑇𝑇to image coordinates is given by 
 

[
𝒖𝒖
𝒗𝒗
1

] = 1
𝑍𝑍 𝑲𝑲 [

𝑋𝑋
𝑌𝑌
𝑍𝑍

]    … (2) 

 
where Z is the depth of the point (distance from 
the camera) and 𝑲𝑲 is the camera intrinsic 
parameter matrix from equation (1). 
 
3.2 Forward Kinematics and Jacobian 

Computation 
The forward kinematics of the 6-DOF 
manipulator is expressed using homogeneous 
transformation matrices following the Denavit-
Hartenberg convention [21] 
 
𝑻𝑻𝟎𝟎

𝟔𝟔 = ∏ 𝑻𝑻𝒊𝒊−𝟏𝟏
𝒊𝒊 (𝜽𝜽𝒊𝒊) 6

𝑖𝑖=1    … (3) 
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whereas each individual transformation matrix 
is defined as,  
     𝑻𝑻𝟎𝟎

𝟔𝟔

= 𝑻𝑻𝟎𝟎
𝟏𝟏(𝜽𝜽𝟏𝟏). 𝑻𝑻𝟏𝟏

𝟐𝟐(𝜽𝜽𝟐𝟐). 𝑻𝑻𝟐𝟐
𝟑𝟑(𝜽𝜽𝟑𝟑). 𝑻𝑻𝟑𝟑

𝟒𝟒(𝜽𝜽𝟒𝟒). 𝑻𝑻𝟒𝟒
𝟓𝟓(𝜽𝜽𝟓𝟓). 𝑻𝑻𝟓𝟓

𝟔𝟔(𝜽𝜽𝟔𝟔)         
     … (4) 
Moreover, the robot's geometric Jacobian matrix 
𝑱𝑱𝒄𝒄(𝜽𝜽) relates joint velocities to end-effector 
velocities by, 
 
𝒗𝒗𝒆𝒆𝒆𝒆 = 𝑱𝑱𝒄𝒄(𝜽𝜽)𝜽̇𝜽     … (5) 
 
where 𝜽̇𝜽 is the joint angular velocity vector and 
𝑣𝑣𝑒𝑒𝑒𝑒    is the end- effector (camera) velocity vector 
(6×1), containing both linear and angular 
velocity components:𝒗𝒗𝒆𝒆𝒆𝒆 = [𝑣𝑣𝑥𝑥, 𝑣𝑣𝑦𝑦, 𝑣𝑣𝑧𝑧, 𝜔𝜔𝑥𝑥, 𝜔𝜔𝑦𝑦,𝜔𝜔𝑧𝑧]𝑇𝑇 
 
3.3 Image Jacobian and Interaction Matrix 
For a set of image feature points, the image 
Jacobian (interaction matrix) relates image 
feature velocities to camera velocities [7]. For a 
point feature with normalized coordinates (𝑥𝑥, 𝑦𝑦) 
at depth z, the interaction matrix is defined by, 
 

𝑳𝑳𝒔𝒔 = [
−1
𝑧𝑧 0

0 −1
𝑧𝑧

    
𝑥𝑥
𝑧𝑧 𝑥𝑥𝑥𝑥
𝑦𝑦
𝑧𝑧 1 + 𝑦𝑦2

    −(1 + 𝑥𝑥2) 𝑦𝑦
−𝑥𝑥𝑥𝑥 −𝑥𝑥]     

     … (6) 
 
The above matrix 𝑳𝑳𝒔𝒔 relates the motion of the 
image feature 𝒔̇𝒔 = [𝒖𝒖,̇ 𝒗̇𝒗]𝑻𝑻to the camera velocity 
𝒗𝒗𝒆𝒆𝒆𝒆 through, 𝒔̇𝒔 = 𝑳𝑳𝒔𝒔𝒗𝒗𝒆𝒆𝒆𝒆[7]. For multiple feature 
points, the complete interaction matrix is 
constructed by stacking individual point 
matrices as shown in the following equation, 
 

𝑳𝑳𝒔𝒔𝒔𝒔 = [
𝑳𝑳𝒔𝒔𝒔𝒔
𝑳𝑳𝒔𝒔𝒔𝒔

⋮
𝑳𝑳𝒔𝒔𝒔𝒔

]    … (7) 

 
3.4 PBVS Control Law 
The PBVS approach [4] estimates the 3D pose of 
the target relative to the camera. The pose error 
is computed as, 
 
𝒆𝒆𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑 = 𝒕𝒕𝒅𝒅 − 𝒕𝒕𝒂𝒂     … (8) 
 
𝒆𝒆𝒐𝒐𝒐𝒐𝒐𝒐 = 𝑅𝑅𝑅𝑅𝑅𝑅(𝑹𝑹𝒅𝒅) − 𝑅𝑅𝑅𝑅𝑅𝑅(𝑹𝑹𝒂𝒂)   … (9) 
where 𝒕𝒕𝒅𝒅 and 𝒕𝒕𝒂𝒂 are desired and current 
translation vectors, and 𝑅𝑅𝑅𝑅𝑅𝑅(𝑹𝑹𝒅𝒅) and 𝑅𝑅𝑅𝑅𝑅𝑅(𝑹𝑹𝒂𝒂)  
extracts roll-pitch-yaw angles from rotation 
matrices. Moreover, the PBVS control velocity is 
given by, 
 
 𝒗𝒗𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑 = 𝑘𝑘[𝒆𝒆𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑, 𝒆𝒆𝒐𝒐𝒐𝒐𝒐𝒐]   … (10) 
 
where k is the PBVS proportional gain. 

3.5 IBVS Control Law 
IBVS directly utilizes image feature errors. For a 
set of desired features 𝒔𝒔∗and current features 𝒔𝒔, 
image feature error is defined by, 

 
𝒆𝒆𝒊𝒊𝒊𝒊𝒊𝒊 = 𝒔𝒔 − 𝒔𝒔∗     … (11) 
 
Moreover, the IBVS control law employs the 
pseudo-inverse of the interaction matrix given 
by, 
 
𝒗𝒗𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊 = −𝜆𝜆𝑳𝑳+𝒆𝒆𝒊𝒊𝒊𝒊𝒊𝒊   … (12) 
 
where 𝜆𝜆 is the proportional control gain and  𝑳𝑳+ 
is the pseudo-inverse of the interaction matrix 
[3]. 
 
3.6 Optimisation Framework for Fixed 

Lambda Selection 
The selection of an optimal fixed lambda (𝜆𝜆) 
value requires a systematic optimisation 
approach that balances convergence speed, 
stability, and control effort. The following 
framework provides the mathematical 
foundation for selecting the optimal lambda. 
The optimal fixed lambda should minimise a 
composite cost function that considers multiple 
performance criteria shown in the equation 
below. 
 
𝐽𝐽(𝜆𝜆) = 𝑤𝑤1𝐽𝐽𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝜆𝜆) + 𝑤𝑤2𝐽𝐽𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝜆𝜆) + 𝑤𝑤3𝐽𝐽𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝜆𝜆)    

+ 𝑤𝑤4𝐽𝐽𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆ℎ(𝜆𝜆) 
… (13) 

where, 
𝑤𝑤1, 𝑤𝑤2, 𝑤𝑤3, 𝑤𝑤4  are weighting factors. 
𝐽𝐽𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝜆𝜆)- convergence performance cost. 
𝐽𝐽𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝜆𝜆)- Stability cost. 
𝐽𝐽𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝜆𝜆)-Control effort cost. 
𝐽𝐽𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆ℎ(𝜆𝜆)- Trajectory smoothness cost. 
 
Then the optimized lambda is given by, 
 
𝜆𝜆𝑜𝑜𝑜𝑜𝑜𝑜 = arg min 𝜆𝜆 𝐽𝐽(𝜆𝜆)        ;  𝜆𝜆 ∈ [0,1] … (14) 
 
Based on the above optimisation framework, an 
empirical formula for initial  𝜆𝜆 selection is given 
by, 

𝜆𝜆𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝜆𝜆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏√||𝑒𝑒0||𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
||𝑒𝑒0||𝑚𝑚𝑚𝑚𝑚𝑚  𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚(𝐿𝐿𝑠𝑠)

𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚(𝐿𝐿𝑠𝑠)+𝜇𝜇0
   … (15) 

 
where: 

• 𝜆𝜆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ≈ 0.3 (heuristic baseline gain from 
literature [3]). 

• ||𝑒𝑒0||𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒  is the expected initial 
error magnitude. 

• ||𝑒𝑒0||𝑚𝑚𝑚𝑚𝑚𝑚 is the maximum error 
magnitude. 
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whereas each individual transformation matrix 
is defined as,  
     𝑻𝑻𝟎𝟎

𝟔𝟔

= 𝑻𝑻𝟎𝟎
𝟏𝟏(𝜽𝜽𝟏𝟏). 𝑻𝑻𝟏𝟏

𝟐𝟐(𝜽𝜽𝟐𝟐). 𝑻𝑻𝟐𝟐
𝟑𝟑(𝜽𝜽𝟑𝟑). 𝑻𝑻𝟑𝟑

𝟒𝟒(𝜽𝜽𝟒𝟒). 𝑻𝑻𝟒𝟒
𝟓𝟓(𝜽𝜽𝟓𝟓). 𝑻𝑻𝟓𝟓

𝟔𝟔(𝜽𝜽𝟔𝟔)         
     … (4) 
Moreover, the robot's geometric Jacobian matrix 
𝑱𝑱𝒄𝒄(𝜽𝜽) relates joint velocities to end-effector 
velocities by, 
 
𝒗𝒗𝒆𝒆𝒆𝒆 = 𝑱𝑱𝒄𝒄(𝜽𝜽)𝜽̇𝜽     … (5) 
 
where 𝜽̇𝜽 is the joint angular velocity vector and 
𝑣𝑣𝑒𝑒𝑒𝑒    is the end- effector (camera) velocity vector 
(6×1), containing both linear and angular 
velocity components:𝒗𝒗𝒆𝒆𝒆𝒆 = [𝑣𝑣𝑥𝑥, 𝑣𝑣𝑦𝑦, 𝑣𝑣𝑧𝑧, 𝜔𝜔𝑥𝑥, 𝜔𝜔𝑦𝑦,𝜔𝜔𝑧𝑧]𝑇𝑇 
 
3.3 Image Jacobian and Interaction Matrix 
For a set of image feature points, the image 
Jacobian (interaction matrix) relates image 
feature velocities to camera velocities [7]. For a 
point feature with normalized coordinates (𝑥𝑥, 𝑦𝑦) 
at depth z, the interaction matrix is defined by, 
 

𝑳𝑳𝒔𝒔 = [
−1
𝑧𝑧 0

0 −1
𝑧𝑧

    
𝑥𝑥
𝑧𝑧 𝑥𝑥𝑥𝑥
𝑦𝑦
𝑧𝑧 1 + 𝑦𝑦2

    −(1 + 𝑥𝑥2) 𝑦𝑦
−𝑥𝑥𝑥𝑥 −𝑥𝑥]     

     … (6) 
 
The above matrix 𝑳𝑳𝒔𝒔 relates the motion of the 
image feature 𝒔̇𝒔 = [𝒖𝒖,̇ 𝒗̇𝒗]𝑻𝑻to the camera velocity 
𝒗𝒗𝒆𝒆𝒆𝒆 through, 𝒔̇𝒔 = 𝑳𝑳𝒔𝒔𝒗𝒗𝒆𝒆𝒆𝒆[7]. For multiple feature 
points, the complete interaction matrix is 
constructed by stacking individual point 
matrices as shown in the following equation, 
 

𝑳𝑳𝒔𝒔𝒔𝒔 = [
𝑳𝑳𝒔𝒔𝒔𝒔
𝑳𝑳𝒔𝒔𝒔𝒔

⋮
𝑳𝑳𝒔𝒔𝒔𝒔

]    … (7) 

 
3.4 PBVS Control Law 
The PBVS approach [4] estimates the 3D pose of 
the target relative to the camera. The pose error 
is computed as, 
 
𝒆𝒆𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑 = 𝒕𝒕𝒅𝒅 − 𝒕𝒕𝒂𝒂     … (8) 
 
𝒆𝒆𝒐𝒐𝒐𝒐𝒐𝒐 = 𝑅𝑅𝑅𝑅𝑅𝑅(𝑹𝑹𝒅𝒅) − 𝑅𝑅𝑅𝑅𝑅𝑅(𝑹𝑹𝒂𝒂)   … (9) 
where 𝒕𝒕𝒅𝒅 and 𝒕𝒕𝒂𝒂 are desired and current 
translation vectors, and 𝑅𝑅𝑅𝑅𝑅𝑅(𝑹𝑹𝒅𝒅) and 𝑅𝑅𝑅𝑅𝑅𝑅(𝑹𝑹𝒂𝒂)  
extracts roll-pitch-yaw angles from rotation 
matrices. Moreover, the PBVS control velocity is 
given by, 
 
 𝒗𝒗𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑 = 𝑘𝑘[𝒆𝒆𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑, 𝒆𝒆𝒐𝒐𝒐𝒐𝒐𝒐]   … (10) 
 
where k is the PBVS proportional gain. 

3.5 IBVS Control Law 
IBVS directly utilizes image feature errors. For a 
set of desired features 𝒔𝒔∗and current features 𝒔𝒔, 
image feature error is defined by, 

 
𝒆𝒆𝒊𝒊𝒊𝒊𝒊𝒊 = 𝒔𝒔 − 𝒔𝒔∗     … (11) 
 
Moreover, the IBVS control law employs the 
pseudo-inverse of the interaction matrix given 
by, 
 
𝒗𝒗𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊 = −𝜆𝜆𝑳𝑳+𝒆𝒆𝒊𝒊𝒊𝒊𝒊𝒊   … (12) 
 
where 𝜆𝜆 is the proportional control gain and  𝑳𝑳+ 
is the pseudo-inverse of the interaction matrix 
[3]. 
 
3.6 Optimisation Framework for Fixed 

Lambda Selection 
The selection of an optimal fixed lambda (𝜆𝜆) 
value requires a systematic optimisation 
approach that balances convergence speed, 
stability, and control effort. The following 
framework provides the mathematical 
foundation for selecting the optimal lambda. 
The optimal fixed lambda should minimise a 
composite cost function that considers multiple 
performance criteria shown in the equation 
below. 
 
𝐽𝐽(𝜆𝜆) = 𝑤𝑤1𝐽𝐽𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝜆𝜆) + 𝑤𝑤2𝐽𝐽𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝜆𝜆) + 𝑤𝑤3𝐽𝐽𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝜆𝜆)    

+ 𝑤𝑤4𝐽𝐽𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆ℎ(𝜆𝜆) 
… (13) 

where, 
𝑤𝑤1, 𝑤𝑤2, 𝑤𝑤3, 𝑤𝑤4  are weighting factors. 
𝐽𝐽𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝜆𝜆)- convergence performance cost. 
𝐽𝐽𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝜆𝜆)- Stability cost. 
𝐽𝐽𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝜆𝜆)-Control effort cost. 
𝐽𝐽𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆ℎ(𝜆𝜆)- Trajectory smoothness cost. 
 
Then the optimized lambda is given by, 
 
𝜆𝜆𝑜𝑜𝑜𝑜𝑜𝑜 = arg min 𝜆𝜆 𝐽𝐽(𝜆𝜆)        ;  𝜆𝜆 ∈ [0,1] … (14) 
 
Based on the above optimisation framework, an 
empirical formula for initial  𝜆𝜆 selection is given 
by, 

𝜆𝜆𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝜆𝜆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏√||𝑒𝑒0||𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
||𝑒𝑒0||𝑚𝑚𝑚𝑚𝑚𝑚  𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚(𝐿𝐿𝑠𝑠)

𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚(𝐿𝐿𝑠𝑠)+𝜇𝜇0
   … (15) 

 
where: 

• 𝜆𝜆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ≈ 0.3 (heuristic baseline gain from 
literature [3]). 

• ||𝑒𝑒0||𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒  is the expected initial 
error magnitude. 

• ||𝑒𝑒0||𝑚𝑚𝑚𝑚𝑚𝑚 is the maximum error 
magnitude. 
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• 𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚(𝐿𝐿𝑠𝑠) is the minimum singular value 
of the interaction matrix.  

• 𝜇𝜇0is the regularization parameter.  

To determine a single fixed IBVS gain (𝜆𝜆) that 
achieves an optimal balance among convergence 
speed, stability, control effort, and smoothness, 
a composite cost function 𝐽𝐽(𝜆𝜆) is defined and 
minimized. The optimal gain is obtained as 
𝜆𝜆opt = arg min 𝜆𝜆 𝐽𝐽(𝜆𝜆), and this optimized value 
(𝜆𝜆opt ≈ 0.20) is used as the representative fixed 
gain in the subsequent experiments. 
 
3.7 Adaptive Hybrid Control Architecture 
The proposed adaptive hybrid approach 
combines PBVS and IBVS using a dynamic 
smoothing factor [18]. The adaptive blending 
(smoothing) factor 𝛼𝛼 is formulated as: 
 
 𝛼𝛼 = 1

1+𝑒𝑒−𝑘𝑘(𝑒𝑒𝑣𝑣−𝑒𝑒𝑜𝑜)    … (16) 
 
where 𝑘𝑘 controls the transition steepness, 𝒆𝒆𝒗𝒗 is 
the visual error norm, and 𝑒𝑒𝑜𝑜 is the error 
threshold for equal blending. Furthermore, the 
hybrid control law is expressed by the following 
equation, 
 
𝒗𝒗𝒆𝒆𝒆𝒆 =  𝛼𝛼 𝒗𝒗𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑 + (1 −  𝛼𝛼 )𝒗𝒗𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊    … (17) 
 
where  𝛼𝛼  is the blending factor (0 <  𝛼𝛼 < 1)  
mapping the hybrid controller between IBVS 
(𝛼𝛼 = 0) and PBVS (𝛼𝛼 = 1).  
 
3.7.1  Computation of the Error Matrices 
The image feature error metric (𝒆𝒆𝒊𝒊𝒊𝒊𝒊𝒊) 
mentioned in equation (11) is derived from the 
difference between the current and desired 
image features, coupled with pose estimation 
errors. The total error metric is computed as 
shown in equation (18), 
 
𝑒𝑒 = 𝛽𝛽‖𝒔𝒔 − 𝒔𝒔∗‖ + 𝛾𝛾‖𝑻𝑻𝒄𝒄

𝒘𝒘 − 𝑻𝑻𝒄𝒄
𝒘𝒘∗‖  … (18)

  
where: 

• 𝒔𝒔 and 𝒔𝒔∗ are the current and desired 
image features. 

• 𝑻𝑻𝒄𝒄
𝒘𝒘 and 𝑻𝑻𝒄𝒄

𝒘𝒘∗ are the actual and desired 
camera poses. 

• 𝛽𝛽 and  𝛾𝛾 are weighting factors ensuring 
appropriate error prioritization. 

The error metric 𝒆𝒆 encapsulates the combined 
influence of image feature discrepancies and 
camera pose deviations in a hybrid control 
framework. The first term of equation (18) 
𝛽𝛽‖𝒔𝒔 − 𝒔𝒔∗‖, quantifies the image plane error by 
evaluating the difference between the current 
(𝒔𝒔)and desired (𝒔𝒔∗) image features, ensuring 

precise visual alignment. The second term of the 
equation, 𝛾𝛾‖𝑻𝑻𝒄𝒄

𝒘𝒘 − 𝑻𝑻𝒄𝒄
𝒘𝒘∗‖, assesses the spatial 

positioning error by comparing the actual (𝑻𝑻𝒄𝒄
𝒘𝒘 ) 

and target (𝑻𝑻𝒄𝒄
𝒘𝒘∗) camera poses, contributing to 

accurate end-effector positioning. Weighting 
factors 𝛽𝛽 and 𝛾𝛾 modulate the influence of each 
component, allowing adaptive error 
prioritization to achieve a harmonious balance 
between image accuracy and spatial alignment. 
This composite error metric is pivotal for 
optimising control performance in a 6-DOF 
robotic manipulator, particularly under 
dynamic operational scenarios. 
 
3.8 Adaptive Gain Strategy 
The adaptive gain mechanism modulates 
control responsiveness based on error 
magnitude as expressed in the below equation, 
 

𝜆𝜆𝑎𝑎 = 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 + (𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 − 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚) (1 − 𝑒𝑒− ‖𝑒𝑒‖
𝑒𝑒𝑚𝑚𝑚𝑚𝑚𝑚) … (19) 

where: 
• 𝜆𝜆𝑎𝑎 is the adaptive gain. 
• 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 is the minimum gain value.  
• 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚  is the maximum gain value. 
• ‖𝑒𝑒‖ is the error magnitude (norm).  
• 𝑒𝑒𝑚𝑚𝑚𝑚𝑚𝑚 is the scaling parameter that 

determines the transition rate.  
 

This formulation ensures high gains during 
large errors for rapid response and low gain near 
convergence for stability. The adaptive gain 
function has the following characteristics. 
 

• When ∣e∣=0, 𝜆𝜆𝑎𝑎=𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 (minimum gain for 
stability near target). 

• When ∣e∣→∞, 𝜆𝜆𝑎𝑎→𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚  (maximum gain 
for fast response to large errors). 

• The parameter 𝑒𝑒𝑚𝑚𝑚𝑚𝑚𝑚 controls how 
quickly the gain transitions from 
minimum to maximum values. 

 
On the other hand, this approach provides 
aggressive control action when far from the 
target and gentle control action when close to the 
target, improving both convergence speed and 
stability. 
 
3.9 Damped Least Squares for Singular 

Avoidance 
To handle singularities in the interaction matrix, 
a damped least squares (DLS) approach [22] is 
employed. The damping coefficient adapts 
dynamically based on the minimum singular 
value of the Jacobian matrix. In robotic control, 
the Jacobian matrix 𝑱𝑱𝒄𝒄 maps joint velocities to 
end-effector velocities. When 𝑱𝑱𝒄𝒄  approaches 
singularity, its inverse (or pseudo-inverse) can 
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produce disproportionately large joint 
velocities, leading to instability. By applying 
DLS, the inverse kinematics are computed using 
the equation (20),  
 
𝜽̇𝜽 = (𝑳𝑳𝒔𝒔

𝑻𝑻𝑳𝑳𝒔𝒔 + 𝜇𝜇2𝐈𝐈)−1𝑳𝑳𝒔𝒔
𝑻𝑻𝒆𝒆𝒊𝒊𝒊𝒊𝒊𝒊  … (20) 

 
where 𝜽̇𝜽 is the joint velocity vector and 𝐈𝐈 is the 
identity matrix. The adaptive damping 
coefficient 𝜇𝜇 scales the regularization term 𝜇𝜇2𝐈𝐈, 
effectively conditioning the matrix inversion. 
Moreover, the adaptive damping factor is 
computed in the following way. 
 
𝜇𝜇(𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚) = 𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚 + (𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚 − 𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚) 𝑓𝑓(𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚)  … (21) 
 
where 𝑓𝑓(𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚) is a function that increases as 𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚 
decreases. 𝑓𝑓(𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚)  can be defined as, 
 
𝑓𝑓(𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚) = 1 − 𝑒𝑒(−𝑘𝑘(𝜎𝜎0−𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚))    … (22) 
 
Moreover, the damping 𝜇𝜇 is given by,  
 
𝜇𝜇 = 𝜇𝜇(𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚(𝑳𝑳𝒔𝒔))    … (23) 
 
given by the smallest singular value 𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚. A 
practical scenario is 𝜇𝜇 = 𝜇𝜇0

𝜎𝜎0
𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚+𝜀𝜀 , bounded 

within [𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚,𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚][23]. The above formula 
ensures higher damping when the matrix is 
closer to singularity. The DLS approach 
provides numerical stability by adding a 
regularization term that prevents the pseudo-
inverse from becoming ill-conditioned when the 
interaction matrix approaches singularity. The 
method is particularly beneficial in scenarios 
involving near-singular configurations, 
ensuring smoother and safer manipulator 
operations. 
 
3.10 Enhanced Joint Velocity Smoothing 
The proposed approach implements adaptive 
velocity constraints that limit the magnitude of 
joint velocity commands while preserving 
control effectiveness. To ensure safe and stable 
execution of VS control, the proposed approach 
incorporates adaptive joint velocity constraints. 
Moreover, the joint velocity commands are 
smoothed using adaptive constraints as follows. 
 
𝑞̇𝑞𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖(𝑘𝑘) = 𝑚𝑚𝑚𝑚𝑚𝑚(𝑚𝑚𝑚𝑚𝑚𝑚(𝑞̇𝑞𝑐𝑐𝑐𝑐𝑐𝑐,𝑖𝑖(𝑘𝑘), −𝑞̇𝑞𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖), 𝑞̇𝑞𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖)
     … (24) 
Where, 𝑞̇𝑞𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖(𝑘𝑘) is the saturated joint velocity, 
𝑞̇𝑞𝑐𝑐𝑐𝑐𝑐𝑐,𝑖𝑖(𝑘𝑘) is the command joint velocity and 
𝑞̇𝑞𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖 is the maximum allowable joint velocity 
vectors. To avoid sudden accelerations near 
saturation, the velocity change between 

successive steps is further constrained as 
follows. 
 
∆𝑞̇𝑞𝑖𝑖(𝑘𝑘) = 𝑚𝑚𝑚𝑚𝑚𝑚(𝑞̇𝑞𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖(𝑘𝑘) − 𝑞̇𝑞𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠ℎ,𝑖𝑖(𝑘𝑘

− 1)), −𝑞̈𝑞𝑚𝑚𝑚𝑚𝑚𝑚∆𝑡𝑡, 𝑞̈𝑞𝑚𝑚𝑚𝑚𝑚𝑚∆𝑡𝑡) 
     … (25) 
Where 𝑞̇𝑞𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖(𝑘𝑘) is the current saturated joint 
velocity command, 𝑞̇𝑞𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠ℎ,𝑖𝑖(𝑘𝑘 − 1) is the 
smoothed velocity from the previous iteration, 
𝑞̈𝑞𝑚𝑚𝑚𝑚𝑚𝑚  represents the maximum allowable joint 
acceleration and ∆𝑡𝑡 refers to the control loop 
sampling time [18]. The smoothed joint 
velocities are then updated as follows. 
 
𝑞̇𝑞𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠ℎ,𝑖𝑖(𝑘𝑘) = 𝑞̇𝑞𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠ℎ,𝑖𝑖(𝑘𝑘 − 1) + ∆𝑞̇𝑞𝑖𝑖(𝑘𝑘) … (26) 
 
Finally, the joint positions are updated as, 
 
𝜽𝜽𝒊𝒊(𝒌𝒌 + 𝟏𝟏) = 𝜽𝜽𝒊𝒊(𝒌𝒌) + 𝑞̇𝑞𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠ℎ,𝑖𝑖(𝑘𝑘)∆𝑡𝑡  … (27) 
 
To improve adaptability further, the velocity 
bound can be modulated as a function of the 
visual error norm ‖𝑒𝑒‖, allowing faster response 
when far from the goal and smoother motion 
near convergence. 
 
𝑞̇𝑞𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖(𝑘𝑘) = 𝑞̇𝑞𝑚𝑚𝑚𝑚𝑚𝑚 + (𝑞̇𝑞𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑞̇𝑞𝑚𝑚𝑚𝑚𝑚𝑚) ‖𝑒𝑒‖

‖𝑒𝑒‖+𝑒𝑒0
 … (28) 

 
Where 𝑒𝑒0 refers to the error offset. 
 
4.  Simulation and Results 
 
4.1 Experimental Setup 
The simulation framework was implemented in 
MATLAB® using the Robotics Toolbox with 
accurate kinematic model of PUMA-560 
industrial manipulator.  The experimental setup 
employed a camera with a focal length of 800 
pixels. The target object consisted of an oblique 
star-shaped pattern with 16 asymmetric feature 
points (8 outer and 8 inner vertices) positioned 
on a planar surface. The actual (blue) and 
desired (red) target objects, along with their 
corresponding feature point trajectories in the 
image plane, are illustrated in Figure 1. The 
outer feature points exhibit radii varying from 
0.7 to 1.3 times the base size, while the inner 
points range from 0.25 to 0.5 times the base size, 
resulting in a realistic and asymmetric tracking 
scenario. 
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produce disproportionately large joint 
velocities, leading to instability. By applying 
DLS, the inverse kinematics are computed using 
the equation (20),  
 
𝜽̇𝜽 = (𝑳𝑳𝒔𝒔

𝑻𝑻𝑳𝑳𝒔𝒔 + 𝜇𝜇2𝐈𝐈)−1𝑳𝑳𝒔𝒔
𝑻𝑻𝒆𝒆𝒊𝒊𝒊𝒊𝒊𝒊  … (20) 

 
where 𝜽̇𝜽 is the joint velocity vector and 𝐈𝐈 is the 
identity matrix. The adaptive damping 
coefficient 𝜇𝜇 scales the regularization term 𝜇𝜇2𝐈𝐈, 
effectively conditioning the matrix inversion. 
Moreover, the adaptive damping factor is 
computed in the following way. 
 
𝜇𝜇(𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚) = 𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚 + (𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚 − 𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚) 𝑓𝑓(𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚)  … (21) 
 
where 𝑓𝑓(𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚) is a function that increases as 𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚 
decreases. 𝑓𝑓(𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚)  can be defined as, 
 
𝑓𝑓(𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚) = 1 − 𝑒𝑒(−𝑘𝑘(𝜎𝜎0−𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚))    … (22) 
 
Moreover, the damping 𝜇𝜇 is given by,  
 
𝜇𝜇 = 𝜇𝜇(𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚(𝑳𝑳𝒔𝒔))    … (23) 
 
given by the smallest singular value 𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚. A 
practical scenario is 𝜇𝜇 = 𝜇𝜇0

𝜎𝜎0
𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚+𝜀𝜀 , bounded 

within [𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚,𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚][23]. The above formula 
ensures higher damping when the matrix is 
closer to singularity. The DLS approach 
provides numerical stability by adding a 
regularization term that prevents the pseudo-
inverse from becoming ill-conditioned when the 
interaction matrix approaches singularity. The 
method is particularly beneficial in scenarios 
involving near-singular configurations, 
ensuring smoother and safer manipulator 
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3.10 Enhanced Joint Velocity Smoothing 
The proposed approach implements adaptive 
velocity constraints that limit the magnitude of 
joint velocity commands while preserving 
control effectiveness. To ensure safe and stable 
execution of VS control, the proposed approach 
incorporates adaptive joint velocity constraints. 
Moreover, the joint velocity commands are 
smoothed using adaptive constraints as follows. 
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     … (24) 
Where, 𝑞̇𝑞𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖(𝑘𝑘) is the saturated joint velocity, 
𝑞̇𝑞𝑐𝑐𝑐𝑐𝑐𝑐,𝑖𝑖(𝑘𝑘) is the command joint velocity and 
𝑞̇𝑞𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖 is the maximum allowable joint velocity 
vectors. To avoid sudden accelerations near 
saturation, the velocity change between 

successive steps is further constrained as 
follows. 
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− 1)), −𝑞̈𝑞𝑚𝑚𝑚𝑚𝑚𝑚∆𝑡𝑡, 𝑞̈𝑞𝑚𝑚𝑚𝑚𝑚𝑚∆𝑡𝑡) 
     … (25) 
Where 𝑞̇𝑞𝑠𝑠𝑠𝑠𝑠𝑠,𝑖𝑖(𝑘𝑘) is the current saturated joint 
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𝑞̈𝑞𝑚𝑚𝑚𝑚𝑚𝑚  represents the maximum allowable joint 
acceleration and ∆𝑡𝑡 refers to the control loop 
sampling time [18]. The smoothed joint 
velocities are then updated as follows. 
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Finally, the joint positions are updated as, 
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To improve adaptability further, the velocity 
bound can be modulated as a function of the 
visual error norm ‖𝑒𝑒‖, allowing faster response 
when far from the goal and smoother motion 
near convergence. 
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‖𝑒𝑒‖+𝑒𝑒0
 … (28) 

 
Where 𝑒𝑒0 refers to the error offset. 
 
4.  Simulation and Results 
 
4.1 Experimental Setup 
The simulation framework was implemented in 
MATLAB® using the Robotics Toolbox with 
accurate kinematic model of PUMA-560 
industrial manipulator.  The experimental setup 
employed a camera with a focal length of 800 
pixels. The target object consisted of an oblique 
star-shaped pattern with 16 asymmetric feature 
points (8 outer and 8 inner vertices) positioned 
on a planar surface. The actual (blue) and 
desired (red) target objects, along with their 
corresponding feature point trajectories in the 
image plane, are illustrated in Figure 1. The 
outer feature points exhibit radii varying from 
0.7 to 1.3 times the base size, while the inner 
points range from 0.25 to 0.5 times the base size, 
resulting in a realistic and asymmetric tracking 
scenario. 
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Figure 1 - Feature point trajectories of the 
actual (blue) and desired (red) target objects in 

image plane 
 
4.2 Comparative Analysis of the 

Developed Framework and 
Simulations 

To comprehensively assess the effectiveness of 
the VS control architecture, eight distinct 
methodologies were systematically evaluated 
using multiple quantitative metrics, 
encompassing both IBVS and PBVS techniques 
with fixed and adaptive control strategies. The 
evaluated methods include: (1) IBVS with fixed 
lambda (𝜆𝜆), (2) IBVS with adaptive lambda (𝜆𝜆𝑎𝑎), 
(3) PBVS with fixed lambda (𝜆𝜆), (4) PBVS with 
adaptive lambda (𝜆𝜆𝑎𝑎), (5) hybrid VS control with 
fixed lambda, (6) hybrid VS control with 
adaptive lambda, (7) hybrid VS control with 
adaptive smoothing lambda and (8) hybrid VS 
control with DLS technique incorporating 
regularization for singularity handling and 
numerical stability improvement. Convergence-
related metrics included iteration count to 
quantify task completion speed and final pixel 
error to assess image-space tracking accuracy. 

Cartesian-space precision was evaluated 
through position and orientation errors, while 
computational efficiency was measured to 
determine the practical feasibility of each 
approach for real-time robotic applications. 
Figures 2-6 illustrate comparative simulations 
across all eight control schemes, presenting 
position error, orientation error, pixel error 
convergence, end-effector trajectory in task 
space, and average computation time 
comparisons. 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 2 - Comparison of position error 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 3 - Comparison of orientation error 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4 - Comparison of pixel error 
convergence 
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Figure 5 - Comparison of average computation 

time 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6 - 3D Trajectory Comparison 
 
4.3 Adaptive Behaviour Analysis 
The proposed hybrid adaptive smoothing 
controller exhibited systematic adaptive 
behaviour throughout the servoing process, 
evolving through three distinct operational 
phases as described below. During the initial 
phase (iterations 1–50), the controller operated 
primarily under IBVS dominance with a 
smoothing factor close to zero (𝛼𝛼 ≈ 0). Adaptive 
gain values ranged from 𝜆𝜆𝑎𝑎 ≈ 0.1 − 1.0, 
producing strong corrective actions that rapidly 
reduced large initial visual errors between the 
camera and target configurations. In the 
transition phase (iterations 51–150), a sigmoid-
based blending mechanism facilitated a smooth 
and continuous shift from IBVS to PBVS control.  

Finally, in the convergence phase (iterations >
150), PBVS dominated with (𝛼𝛼 > 0.8), and the 
adaptive gain gradually decreased (𝜆𝜆𝑎𝑎 ≈ 0.1 −
0.3) to prioritize precision and stability. This 
phase minimized residual tracking errors and 
prevented oscillations around the target pose. 

4.4 Convergence Speed Characteristics 
across Control Methodologies 

Comparative analysis of eight visual servoing 
methods revealed distinct performance trends. 
Fixed-gain IBVS and PBVS (Methods 1 and 3) 
showed stable but slow convergence due to 
conservative gain settings ensuring global 
stability. Adaptive-gain IBVS and PBVS 
(Methods 2 and 4) converged about 30% faster 
by adjusting control gain in real time, enabling 
rapid initial error reduction and smooth 
deceleration near the target. Hybrid fixed and 
adaptive schemes (Methods 5 and 6) combined 
IBVS for coarse alignment with PBVS for fine 
positioning, improving convergence by 15 −
20% despite brief mode-switch delays of 5 − 10 
iterations. The hybrid adaptive smoothing 
method (Method 7) achieved the fastest 
convergence—about 31% quicker than fixed-
gain approaches by integrating adaptive gain 
scheduling, sigmoid-based blending, and 
exponential velocity filtering for stable, 
continuous control. The hybrid damped least 
squares (DLS) method (Method 8) converged 
slightly slower (3 − 5%) due to singular value 
decomposition computation overhead but 
exhibited superior robustness near singularities.  
 
Overall, Method 7 offered the best balance of 
convergence speed, trajectory smoothness, and 
computation efficiency, validating the 
effectiveness of combining adaptive gain control 
with dynamic smoothing in hybrid visual 
servoing. 

 
4.5 Comparative Trajectory Performance 

Evaluation 
Trajectory profiles in Figure 6 confirmed that 
Method 7—the hybrid adaptive smoothing 
approach produced the most efficient and 
continuous end-effector motion among all 
evaluated control schemes. Its dual-smoothing 
mechanism, employing exponential moving 
averages for both the blending factor (𝛼𝛼 =  0.8) 
and velocity command, generated smooth, 
continuously differentiable trajectories with 
minimal curvature discontinuities. 
 
 Quantitatively, Method 7 achieved the shortest 
path length; 12 − 18% shorter than pure IBVS 
trajectories, indicating superior motion 
efficiency. The average lateral deviation from 
the ideal straight-line path was only 0.023 m, 
compared to 0.041 − 0.067 m for other methods, 
demonstrating higher path fidelity. Velocity 
profiles showed a strong correlation with ideal 
minimum-jerk trajectories, confirming 
dynamically smooth motion, while curvature 
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deviation remained as low as 0.012, validating 
trajectory smoothness. Collectively, these results 
show that the proposed controller effectively 
combines the rapid visual convergence of IBVS 
with the precise Cartesian stability of PBVS, 
producing natural, efficient, and highly accurate 
trajectories well-suited for precision-driven 
applications such as robotic assembly, surgical 
manipulation, and automated painting. 
 
4.6 Computational Efficiency Analysis 
Despite the inherent computational complexity 
associated with adaptive algorithms, the hybrid 
adaptive smoothing method demonstrated 
remarkable efficiency gains, achieving a 
desirable reduction in total convergence time 
compared to conventional approaches. The 
adaptive gain modulation strategy proved 
highly effective in optimizing computational 
performance through several key mechanisms. 
The dynamic gain adjustment capability 
prevented unnecessary oscillations that 
typically plague fixed-gain systems, thereby 
reducing the total number of iterations required 
for convergence. Additionally, the smoothing 
strategy significantly reduced computational 
overhead compared to traditional continuous 
switching approaches, as the smooth transitions 
eliminated the need for frequent recalculation of 
control matrices. Furthermore, the adaptation of 
smoothing mechanisms further contributed to 
efficiency by minimizing abrupt control 
changes, which not only reduced actuator stress 
and mechanical wear but also eliminated the 
computational burden associated with handling 
discontinuous control signals.  
 
This comprehensive approach to computational 
optimization demonstrates that sophisticated 
adaptive control strategies can achieve superior 
performance while maintaining practical 
efficiency for real-time robotic applications. 
 
5.  Conclusion 
 
This study presents a novel hybrid control 
architecture that combines position-based 
(PBVS) and image-based (IBVS) visual servoing 
with adaptive gain tuning, dynamic smoothing, 
and damped least-squares (DLS) regularization. 
Its core innovation is an adaptive smoothing 
factor that dynamically transitions between 
PBVS and IBVS based on real-time visual feature 
errors, marking a major step forward in hybrid 
visual servoing. The comparative analysis 
highlights that while conventional IBVS and 
PBVS perform adequately in simple tasks, their 

effectiveness declines with complex geometries 
and precision demands.  
 
Fixed-parameter methods lack adaptability, 
leading to slower convergence and less smooth 
trajectories, whereas adaptive mechanisms 
improve convergence, stability, and motion 
quality with minimal computational cost.  
 
Hybrid architecture delivers the most balanced 
performance by combining PBVS robustness 
with IBVS precision; however, their success 
depends on the blending strategy. The proposed 
adaptive blending, guided by multiple error 
matrices and smoothed via exponential moving 
average filtering, ensures stable transitions and 
reduces control discontinuities and mechanical 
stress. A sigmoid-based blending function 
eliminates abrupt switching, further enhancing 
control continuity. Integrating a damped least 
squares (DLS) method improves robustness near 
kinematic singularities, extending the 
operational workspace with acceptable 
computational overhead. 
 
Overall, this framework unifies speed, accuracy, 
stability, efficiency, and smoothness, serving as 
a benchmark for adaptive visual servoing 
research. Future work will explore machine 
learning-based parameter tuning, multi-robot 
extensions, and real-time dynamic blending 
optimization. 
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Table 1 - Summary of Adaptive Parameter Selection 
 

Parameter Selected Value 
/ Range 
 

Basis for Selection 

𝜆𝜆 (IBVS gain) 𝜆𝜆 = 0.20 
(optimum of 
0.18–0.22) 

minimizing composite cost 𝐽𝐽(𝜆𝜆) (Equation 13–14) balancing 
convergence, stability, effort, and smoothness. Weights: 𝑤𝑤₁ = 0.4, 
   𝑤𝑤₂ = 0.25, 𝑤𝑤₃ = 0.20, 𝑤𝑤₄ = 0.15. 

k (sigmoid 
steepness) 

 
0.08 

Selected to achieve smooth transition over ≈ 50 iterations; larger 
k causes abrupt switching.  

𝑒𝑒ₒ (blending 
midpoint) 

      
    0.015 m  

Set equal to expected mid-range task error; ensures gradual shift 
between coarse and fine control regions. 

𝛽𝛽, 𝛾𝛾 (error 
weights) 

𝛽𝛽 =  0.6, 
𝛾𝛾 =  0.4 

Slightly favor image accuracy to ensure robust visual alignment 
before precise Cartesian convergence. 

adaptive gain 
limits 

    𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 = 0.1 
    𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 = 1.0  

Provide gentle response near target and fast correction for large 
errors; range verified stable for all test cases. 

DLS damping 
bounds 

𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚, = 0.01 
    𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚 =0.10 

Derived from condition-number analysis, prevents excessive 
joint velocities near singularities. 
 

 

Table 2 - Comparative Performance of Visual Servoing Methods 
 

Method 
No. 

Control Scheme Conver
gence 

Iteratio
ns 

Avg. 
computation 

time (ms) 

Final 
Position 

Error 
(m) 

Final 
Pixel 
Error 
(px) 

Key Remarks 

 
M1 

IBVS  
(Fixed 𝜆𝜆) 

 

 
185 

 
4.698 

 
0.0025 

 
1.92 

Stable but slow; 
overshoot 
observed. 

 
M2 

 
IBVS  
(Adaptive 𝜆𝜆ₐ) 

 
130 

 
3.583 

 
0.0019 

 
1.48 

30 % faster than 
M1; smooth 
convergence, 

 
M3 

PBVS  
(Fixed 𝜆𝜆) 

 

 
175 

 
3.563 

 
0.0018 

 
1.75 

Accurate. 
sensitive to  
model errors. 

M4 PBVS  
(Adaptive 𝜆𝜆ₐ) 

 
125 

 
3.381 

 
0.0013 

 
1.25 

Fast initial 
response; stable 
ending. 

M5 Hybrid 
(Fixed 𝜆𝜆) 

 
150 

 
3.692 

 
0.0003 

 
1.22 

15–20 % faster 
than pure 
methods. 

M6 Hybrid 
(Adaptive 𝜆𝜆ₐ) 

 
120 

 
3.710 

 
0.0010 

 
1.00 

Smooth transition 
and few 
oscillations. 
 

M7 Hybrid 
Adaptive 
Smoothing 
(Proposed) 

 
115 

 
3.345 

 
0.00008 

 
0.92 

31 % faster; best 
speed-precision 
trade-off. 

M8 Hybrid + DLS 
(Adaptive 
𝜆𝜆ₐ 𝑎𝑎𝑎𝑎𝑎𝑎 𝜇𝜇) 

 
118 

 
3.589 

 
0.0009 

 
0.96 

Robust near 
singularities; ≈ 3–
5 % slower. 
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