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Abstract

This paper presents a unified framework for high-precision dynamic target tracking that
combines phase-map-based visual servoing with Model Predictive Control (MPC). Phase
maps obtained from fringe projection provide dense, subpixel geometric feedback, en-
abling accurate end-effector velocity computation; however, their high dimensionality
leads to substantial computational overhead that hinders real-time control. To overcome
this limitation, we introduce a phase-map-specific dimensionality reduction strategy that
constructs a low-dimensional control subspace through gradient-guided sparsification and
PCA embedding while preserving the controllability of the original interaction model. An
adaptive prediction horizon is further developed to regulate MPC complexity according to
the rate of phase variation, enabling real-time deployment without compromising tracking
accuracy. In addition, an Extended Kalman Filter (EKF) is integrated into the control loop
to compensate for system delays and improve trajectory prediction in dynamic scenarios.
Experimental results on multi-axis robotic manipulation demonstrate that the proposed
approach achieves superior tracking accuracy and computational efficiency compared
with conventional visual servoing methods, validating the feasibility of phase-map-driven
predictive control for high-speed dynamic target tracking.

Keywords: visual servoing; phase difference; servo control rate; Model Predictive Control
(MPC); dimensionality-reduced modeling; dynamic object

1. Introduction

Real-time tracking of dynamic objects is becoming increasingly important in modern
industrial automation. Traditional robotic workcells typically rely on stop-and-go strate-
gies in which the robot moves to a fixed pose, acquires an image, and then executes a
predefined task. Although robust, such pipelines fundamentally limit throughput and
cannot accommodate next-generation intelligent manufacturing systems, where objects
move continuously on conveyor belts or mobile platforms. Visual servoing (VS) provides
a promising direction by using continuous visual feedback to close the control loop, en-
abling robots to react to real-time changes in the scene. Classical VS approaches—such as
image-based visual servoing (IBVS), position-based visual servoing (PBVS), and hybrid
formulations—have been extensively studied and successfully deployed in manipulation,
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inspection, and assembly [1,2]. The development of high-speed cameras and modern
computation has further enabled increasingly complex real-time strategies [3,4]. Early
studies demonstrated the feasibility of visual servoing for dynamic target tracking using
image feedback, particularly with pan—tilt camera systems [5,6]. These methods were later
extended to mobile robots with nonholonomic constraints, highlighting the challenges
of coupling perception and motion in dynamic environments [7]. Motion-based visual
servoing further strengthened the relationship between image motion and control actions,
improving robustness in tracking tasks [8]. More recent work has applied visual servoing
to highly dynamic platforms such as UAVs and incorporated robust predictive control
strategies to explicitly handle system constraints and visibility limitations [9]. These studies
collectively reveal an increasing demand for more robust visual representations and control
frameworks in dynamic visual servoing applications.

Building upon these developments, the theoretical foundations of visual servoing
have been well established through image-based formulations and interaction matrix
analysis, which guarantee closed-loop stability when appropriate visual features are
employed [10-12]. Extensions toward optimal and predictive control further improved
tracking performance by explicitly accounting for future motion and system constraints,
particularly in constrained image-based visual servoing frameworks [13]. Meanwhile,
phase-based and fringe-based visual representations have demonstrated the ability to
capture dense motion and surface information with sub-pixel sensitivity, offering a robust
alternative to sparse feature-based methods, especially under low-texture or high-dynamic
conditions [14-16]. These studies collectively motivate the integration of phase-based
visual features with predictive visual servoing to achieve reliable and precise dynamic
target tracking.

Despite their success, conventional visual features (points, edges, contours) struggle
on textureless or specular surfaces that frequently occur in industrial environments. Phase
maps obtained from fringe projection profilometry have recently emerged as a compelling
alternative because they offer dense, subpixel-resolution geometry without requiring 3D
reconstruction. This work integrates classical visual servoing theory with phase-based
visual representations to construct a closed-loop control framework for dynamic target
tracking. Fundamental visual servoing methods, such as image Jacobian modeling and
error mapping, provide theoretical guarantees for the stability and convergence of the
control law, enabling arbitrary visual features to be systematically incorporated into the
control loop [1]. Meanwhile, phase-based approaches analyze local phase information
across multi-scale pyramids and narrow-band filters, allowing sub-pixel motion to be
captured and amplified, and yielding denser and more robust displacement representations
than traditional optical flow or keypoint-based tracking methods [17]. Furthermore, phase-
based registration techniques, such as phase-only correlation (POC), together with phase
filtering strategies designed for complex illumination and weak-texture scenarios, offer
practical engineering solutions for stable error quantification and control-region masking
in industrial and dynamic environments [18]. Overall, introducing phase-map features into
visual servoing not only enables more stable dense motion estimation under weak-texture,
low-contrast, and high-frequency vibration conditions, but also provides inherently low-
latency and high-sensitivity multi-scale representations that are particularly well suited for
closed-loop tracking of fast or periodic moving targets, thereby significantly improving the
success rate and accuracy of dynamic object capture and tracking tasks.
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Prior studies show that phase-map interaction models enable high-precision servo
control on curved and textureless surfaces [19,20]. However, existing phase-map-based
control laws have been primarily applied to static or slowly varying scenes. Although
recent progress has demonstrated the ability of fringe projection systems to reconstruct
deforming or moving objects [21,22], the direct use of phase maps for closed-loop control
in dynamic scenarios remains largely unexplored.

Dynamic target tracking introduces two additional challenges. First, system latency
and image processing delays cause deviations between the acquired phase map and the
actual object state. These delays accumulate at higher target velocities, degrading con-
trol accuracy or even inducing instability. Second, achieving high-frequency predictive
control using dense phase measurements is computationally intensive. Model Predictive
Control (MPC) is theoretically well suited to dynamic environments due to its ability to
incorporate constraints, explicitly model future trajectories, and handle multi-objective
optimization [23,24]. However, the standard MPC formulation becomes prohibitively ex-
pensive when applied directly to thousands of visual features extracted from phase maps,
forcing practitioners to reduce the prediction horizon or update rate [25,26]. Although vari-
ous accelerated solvers such as OSQP, qpOASES, and CVXGEN have been proposed [27],
the computational bottleneck persists when the dimensionality of the visual feature space
is large.

To address latency, prediction, and computational limitations simultaneously, this paper
proposes a unified framework that integrates phase-map-based visual servoing with MPC
and Extended Kalman Filtering (EKF). The key insight is that phase maps, although high-
dimensional, possess strong geometric structure. By exploiting phase gradients and intrinsic
spatial correlations, we develop a principled dimensionality reduction strategy that preserves
the controllability of the original visual servo law. The resulting reduced-order model
significantly lowers the computational cost of MPC while maintaining accuracy. Furthermore,
an adaptive prediction horizon is introduced to balance responsiveness and runtime, and
EKF prediction compensates for system latency and improves trajectory estimation.

The primary contributions of this work are as follows:

e  We introduce the first unified framework that applies phase-map measurements
directly to dynamic visual servoing with predictive control.

e  We propose a phase-map-specific dimensionality reduction technique that combines
gradient- induced sparsification and PCA-based low-dimensional embedding while
preserving visual controllability.

*  We design an adaptive horizon MPC formulation that adjusts prediction depth based
on feature dynamics, enabling real-time execution.

*  Weintegrate EKF-based motion prediction into the visual servo loop, reducing tracking
errors caused by latency.

*  We validate the proposed method through both simulation and physical experiments
on a dynamic object-grasping task, demonstrating improved accuracy and computa-
tional efficiency over conventional visual servoing.

Related Work

Visual servoing has long served as a fundamental paradigm for controlling robotic ma-
nipulators using visual feedback. Early works established the foundations of image-based
visual servoing (IBVS) and position-based visual servoing (PBVS), offering complementary
strengths in stability, robustness, and modeling requirements [1,2]. IBVS avoids explicit
3D reconstruction by directly regulating features in the image plane, whereas PBVS lever-
ages 3D models to improve convergence properties. Hybrid strategies combine elements
of both frameworks to overcome their respective limitations. Recent advancements in
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sensing and computation have enabled predictive, learning-based, and multi-rate exten-
sions of classical visual servoing [28-31], expanding its applicability to high-speed and
uncertain environments.

Recent advances in robotic visual servoing have extended classical frameworks to han-
dle dynamic and complex environments by integrating predictive estimation and control
strategies. Adaptive extended Kalman filter (EKF)-based approaches have been shown to
enable stable tracking of non-cooperative or fast-moving targets, enhancing the robustness
of visual feedback under sensor and motion uncertainties [32]. Similarly, predictive control
techniques, including model predictive control (MPC) for pan-tilt cameras and manipu-
lators, have demonstrated improved tracking accuracy by explicitly considering future
motion trajectories and control constraints [33]. Moreover, recent developments combining
high-rate 6D object pose estimation and closed-loop MPC facilitate precise real-time guid-
ance for dynamic target manipulation [34]. Despite these advances, many methods rely on
sparse feature points or traditional image-based representations, which may be insufficient
in low-texture, high-speed, or weak-contrast scenarios. By incorporating phase-based
visual representations into the servoing loop, subtle motions can be captured at sub-pixel
precision, enabling dense, robust, and low-latency feedback suitable for dynamic object
tracking. Therefore, integrating phase-based visual cues with predictive control strategies
is a necessary step toward improving the precision and reliability of closed-loop robotic
manipulation in dynamic environments [35-38]

Phase-map-based visual servoing represents a more recent direction aimed at achiev-
ing precise geometry-aware control without requiring feature extraction. Using fringe
projection profilometry, phase maps encode high-resolution surface information that can be
directly mapped to end-effector motion through analytically derived interaction matrices.
Xu et al. [19] demonstrated phase-based servoing for curved surfaces, and Li et al. [20]
extended this approach to cylindrical welding. Despite these successes, prior work has
focused on static or quasi-static scenes and thus does not address challenges posed by
dynamic object motion. Although phase-based reconstruction for dynamic objects has
progressed significantly [21,22], these developments have not yet translated into real-time
control frameworks.

Model Predictive Control (MPC) has gained substantial traction in robotics due
to its ability to incorporate constraints, predict future states, and optimize nonconvex
behaviors [23,24]. MPC has been used for manipulator trajectory tracking, mobile robot
navigation, multi-contact motion planning, and whole-body control [4,39,40]. However,
the application of MPC to vision-based control is limited by the dimensionality of visual
features. Standard MPC requires repeated construction of large prediction matrices and
solves convex optimization problems at high frequency; consequently, computational load
increases sharply as feature dimensionality grows [25]. While efficient solvers such as
qpOASES, HPIPM, OSQP, and CVXGEN have reduced per-iteration cost [23,27], computa-
tional scalability remains a major obstacle when integrating dense visual data.

To mitigate this issue, several works have explored dimensionality reduction or struc-
ture exploitation. PCA-based model reduction has been applied to robot dynamics and
whole-body MPC to preserve dominant modes while reducing optimization size [25].
Sparse QP formulations that exploit block or band structures have also been shown to
accelerate optimization. However, these methods have not been adapted to the unique
characteristics of phase-map interaction models, where phase gradients naturally reveal
informative and uninformative regions of the surface. Consequently, existing reduction
strategies do not directly apply to phase-based visual servoing. Although this work focuses
on robotic visual servoing, the proposed PCA-based dimensionality reduction strategy
is not limited to robotic applications. In general, PCA provides an effective way to ex-
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tract dominant structures from high-dimensional, spatially correlated sensor data while
preserving essential system information. Such characteristics are also desirable in other
domains, for example, automated fault detection and diagnosis (AFDD) in building energy
systems [41,42].

To the best of our knowledge, this work presents the first cohesive framework that
integrates phase-map visual servoing, MPC, EKF prediction, dimensionality reduction, and
adaptive horizon selection for dynamic object tracking. By exploiting the intrinsic structure
of phase maps, the proposed method reduces computational complexity while preserving
the geometric properties essential for visual servo control.

2. Theoretical Foundations

This section presents the theoretical background required for constructing the pro-
posed control framework. We first review the phase-map formation model obtained from
fringe projection profilometry, and then derive the interaction matrix that relates phase
variations to camera motion. All variables appearing in the mathematical expressions are
explicitly defined to ensure clarity, reproducibility, and consistency. The experimental setup
is illustrated in Figure 1, the overall framework is shown in Figure 2, and the schematic of
phase-map acquisition is presented in Figure 3. The parameters appearing in these figures
will be described in detail in the subsequent theoretical derivations.

(a) (b) (©

Figure 1. Dynamic Object Tracking Platform. (a) Overall experimental environment. (b) Camera
projector and transmission platform. (c) Projection stripe display.
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Figure 2. Control framework combining visual servo and MPC.
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Figure 3. Phase map acquisition diagram.

2.1. Principle of Phase-Mapping Imaging

Fringe Projection Profilometry projects sinusoidal patterns onto the surface of an object.
The overall process is illustrated in Figure 3 . The observed intensity at pixel coordinates
(u¢, vc) is typically expressed as

I(ue,vc) = I + Ly cos(wx + ¢p(ue, ve)), (1)

where 47(uc, v.) denotes the wrapped phase. After phase demodulation and unwrapping, a
dense phase map

Uy = ¢(ue,vc)

is obtained, providing subpixel-level geometric information about the surface.
In this work, the phase value u, serves directly as the visual feature for control,
avoiding feature extraction or reconstruction steps. Let the vectorized phase map be

denoted by
u, = [ué,l), uéz), cee, u;m) 1T eR™,
where m is the number of selected phase pixels.

2.2. Phase-Map-Based Visual Servo Control Rate

The temporal evolution of the phase map is related to the camera (or end-effector)
spatial velocity V. € R, defined as

T
V.= [vx vy Uz Wy Wy wz] .
The fundamental interaction equation is given by
up =Ly, Ve, ()

where 1, is the measured time derivative of the phase map, and L,, € R™*6 is the
interaction matrix associated with the phase feature.
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To avoid ambiguity between intrinsic temporal variation and motion-induced varia-
tion, we separate the true temporal derivative of phase

y true _ aﬂ
g ot
from the apparent phase change caused by camera or object motion. Using the chain rule,
we obtain
ugue - up + GuC l/.lc + GUC Z.)c, (3)
where 3 3
u u
Gy, = =2, =7
e Qe T v,

are the spatial gradients of the phase map.
Equation (3) is consistent with FPP geometry: motion in the image plane induces
additional apparent phase variation proportional to the local phase gradients.

2.2.1. Interaction Matrix Decomposition

Following [19,20], the per-pixel interaction model is formulated using a unified nota-
tion. The common geometric terms used throughout this section are defined as

B = ] =raiuc +rapve + 133, Ky =11 —uprs, 1=1,2,3, 4)

1
?/
where Z denotes the depth of the scene point from the camera, r;; are the elements of the
rotation matrix Ry, from the projector frame to the camera frame, and ¢ is the z-component
of the translation vector ..

The per-pixel interaction matrix L, is decomposed into three components as

Lup — Ldu - Guc Luc - GUC LUC’ (5)

where L, describes the intrinsic phase response to 3D motion, L,,. and L, correspond to
image-plane motions along 1. and v., and G, and G, denote the phase gradients.
The closed-form expressions of the six interaction terms are given by

iy =~y OB ©)
Ly, = — ]izf; 5+ Gu.B, @)
Ly, = _]IftB;B — Gy ucB — Gy, vcB, (8)
Liy = % — Gy, ttcvc — Go, (14 07), )
Luy = % + Gy, (14 u2) + Gy, ucve, (10)
L‘;,’; = % — Gy, vc + Gy, . (11)

Stacking all pixel-wise interaction terms yields the full interaction matrix

L)
L
L,=| " |eR™® (12)

up
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2.2.2. Control Law

For implementation clarity, the visual-servoing reference velocity can be written in
explicit form as

Ve = —ALj,(up —u}) (13)

where A > 0 is the control gain and L,j‘p denotes the Moore-Penrose pseudoinverse. In this
work, V. € R® represents a Cartesian task-space velocity (linear and angular components),
which is directly sent to the robot controller.

Based on the control law given in (13), experiments were conducted to evaluate the
visual servoing performance. The results are shown in Figure 4, which illustrates the
variation of the phase map under the proposed control law.

200

300
400
500
600
700

800

1200 1100 1000 900 800 700 600 500 400 1100 1000 900 800 700 600 500 400 300

(a) (b)

1100 1000 900 800 700 600 500 400 300 1100 1000 900 800 700 600 500 400 300
(c) (d)

Figure 4. Phase map changes and tracking curves for the visual error index decline process. (a) Ex-
pected phase map. (b) Actual phase map. (c) Initial phase map error (horizontally mirrored). (d) Final
phase map error (horizontally mirrored).

2.3. Modeling of Robotic Arms Under Model Predictive Control

Model Predictive Control (MPC) regulates system behavior by repeatedly solving a
finite-horizon optimization problem. In the context of phase-map visual servoing, the state
variable can be naturally defined as the phase error

P = up(k) —uy,

where u;, denotes the desired phase map. The control input is the camera (or end-
effector) velocity
V. (k) = % € R®.

2.3.1. Continuous-Time Model

Using the interaction relation (2), the continuous-time evolution of the phase error is
expressed as

‘P(t) = Lup(t) Vc(t)/ (14)

https:/ /doi.org/10.3390/act15020077
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where Ly, (t) is updated online according to Section 2.2.

Since the sampling period At of fringe acquisition and controller update is small
(typically 1-5 ms), the interaction matrix varies slowly within each sampling interval.
Thus, standard discretization via Forward Euler is appropriate and introduces negligible
temporal approximation error.

2.3.2. Discrete-Time Model
Applying Forward Euler to (14) yields

@1 = @i+ Lu, (k) Ve(k) At. (15)
Let us denote the control input as
u, = Ve(k),
and define the time-varying system matrices
A =1, By = Ly, (k) At.

Then (15) becomes
i1 = Ax@y + Bruy. (16)

2.3.3. Prediction Model

Over a prediction horizon N, the stacked future states satisfy

Ak
Art1Ax
Q= . Pi
ArpN-17 Ak
S
! (17)
By 0 e 0
Agy1By Byt e 0
+ | . u.
AkiN-1 Akp1Br Agpn—1 ArpaBrir o Brna
T
where -
— g7 T T
@ = [¢k+1 ¢k+2 e ¢k+N} ’
and the control sequence is
T ol T T 6N
U= {“k Wepr " uk-i—N—l] € R
Because Ay = I, the prediction model simplifies to
P=1y®R¢,+TU, (18)

where T becomes a lower block-triangular matrix with repeated B terms.
This structure is advantageous as it preserves the sparsity pattern introduced by the
reduced and sparsified interaction matrix.
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2.3.4. Cost Function

The MPC objective penalizes both the predicted phase error and the control effort:

N 112 N-1 )
J0) = [ ui = ok, + X ol
i=1 i=0

where:

. Q = 0 is the phase-error weighting,
* R > 0is the control penalty,
. (pﬁf ; is the reference phase trajectory (from EKF prediction).

Substituting (18) into (19) yields the standard QP form:
min ~UTHU + g'u
U 2 ’
where the Hessian H and gradient g are constructed from T, Q and R.
2.3.5. Constraints
Velocity limits and acceleration bounds are included as follows:
Upin < L Ve < Umax,
ki = Wksio1lleo < maxs i=1...,N-1,

where:

®  Upin, Umax: joint Cartesian velocity bounds,
*  &max: maximum admissible velocity increment (acceleration proxy).

These inequalities can be compactly expressed as

AU <D,

where A is block-sparse due to the banded structure of the acceleration constraints.

3. Integrated Control Framework
3.1. Complete MPC Formulation
Combining (20) and (23), the MPC problem is written as:

1
U* = argmin EUTHU +g'U
st. AU<D,

and only the first control input u; is applied (receding horizon control).

(19)

(20)

(21)

(22)

(23)

(24)

The block-triangular structure of T and the sparsity of A allow efficient solving using

structure-exploiting QP solvers such as qpOASES, which support warm-starting between

consecutive MPC iterations, significantly reducing computation time.

3.2. Phase-Map-Specific Dimensionality Reduction and Adaptive Horizon MPC

The dense phase map typically contains thousands of pixels. Directly constructing

the full interaction matrix L,,, € R™*® ]eads to excessive computational load in the MPC

module, as both the prediction matrix T and the Hessian H scale linearly with m. In this

section, we introduce two complementary techniques: (i) phase-map-specific dimension-
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ality reduction, and (ii) adaptive horizon selection driven by feature dynamics. Both are
designed to preserve control accuracy while improving computational efficiency.

3.2.1. Phase-Map Gradient-Induced Sparsification

Unlike generic image features, a phase map encodes smoothly varying geometric

information. Let
ou p ou p

— =
< Qu < 9u.

Gu

(i)

denote the per-pixel phase gradients. Based on (5), the dominant terms of each row Ly, of
the interaction matrix originate from the local surface orientation encoded by the gradients.
Pixels with negligible gradients,

W/G%C+ch <€,

carry little information about the spatial motion, and their contribution to the visual
observability is minimal. Therefore, we define a sparsification mask

Z_{i| \/Glﬁ?%rcg?zze}, (25)

and retain only the rows of L,, indexed by Z. The resulting reduced interaction matrix is
Ly, =L, (Z, ) eR™,  m =[I|]<m.

Rank Preservation

Since the removed rows correspond to pixels with nearly zero sensitivity to motion,
the essential Jacobian structure is preserved. Formally, if the original matrix satisfies

rank(Ly,) = 6,

and the removed rows satisfy ||L£,13 |2 < 9, then for sufficiently small ¢ the reduced sys-

tem satisfies
rank(iup) =6,

thus ensuring that the reduced feature set preserves full controllability of the visual
servo task.

3.2.2. PCA-Based Low-Dimensional Embedding

To further reduce dimensionality, we apply Principal Component Analysis (PCA) to

the retained feature vector
() )] "
» .

up:|:1/lp yeeey

Let W € R %% be the PCA projection matrix composed of the d principal eigenvectors
of the sample covariance matrix of u,. The compressed feature vector is

z=W'l, zeR d<m,. (26)
Using the chain rule, the reduced interaction matrix is

L. =W'L,, € R (27)

https:/ /doi.org/10.3390/act15020077
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Since PCA basis vectors form an orthonormal matrix, rank preservation holds:
rank(L;) = rank(fup) =6.

As shown in Table 1, in scenes with sufficiently rich phase gradients, the interaction
matrix after sparsification and PCA consistently remains full rank (rank = 6), while the
minimum singular value (0imin) exhibits only a mild degradation, indicating that system
observability is well preserved. In contrast, in the failure case, characterized by an ap-
proximately planar surface and extremely weak phase gradients, oiin drops significantly,
leading to rank deficiency, which is consistent with the theoretical analysis.

Table 1. Rank and minimum singular value analysis under different scenes.

Scene rank(Ly,) Omin(Lu, )
Curved surface (nominal) 6 041
Tilted plane 6 0.35
Low-texture surface 6 0.29
Near-planar surface (failure) 6 0.08
Scene rank(Ly,) min (Lu,)
Curved surface (nominal) 6 0.38
Tilted plane 6 0.33
Low-texture surface 6 0.27
Near-planar surface (failure) 5 0.03
Scene rank(L;) Omin (Lz)
Curved surface (nominal) 6 0.36
Tilted plane 6 0.31
Low-texture surface 6 0.25
Near-planar surface (failure) 5 0.02

3.2.3. Reduced-Order MPC Formulation

Replacing the original phase error ¢, with the reduced feature error
Y=z 2,
the MPC prediction model becomes
Piy1 = P+ Lz (k) up At (28)

The QP structure remains identical to Section 2.3, but all matrices related to state
prediction (Sy, Ty) are now significantly smaller, reducing computational load by 1-2
orders of magnitude.

3.2.4. Adaptive Horizon Selection

Phase maps change at different speeds depending on object motion and surface
geometry. Using a fixed prediction horizon N is inefficient: a large N leads to unnecessary
computation when the phase dynamics are slow, whereas a small N may be insufficient
when the dynamics change rapidly.

To account for this, we estimate the instantaneous phase variation rate:

Ve =[x — ¥l (29)
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The prediction horizon is updated as

Nk = Clip(Nmin + vctanh(ﬁ'yk), Nmin, Nmax)r (30)

where:

*  Nmin, Nmax: allowable horizon bounds,
* g, B: scaling parameters.

Rationale
The function (30) has the following properties:

*  When the phase dynamics are slow (v, = 0), the horizon shrinks to Npin, reducing
computation.

*  When the dynamics are fast, the horizon grows toward Nmax, improving predic-
tive accuracy.

e The tanh(-) nonlinearity ensures smooth horizon variation, preventing oscillation, and
preserving stability of the receding-horizon implementation.

In all experiments, the parameters of the adaptive prediction horizon are set to
Nmin = 3, Nmax = 10, « = 7, and B = 5. These values are fixed across all experiments.
With this setting, the prediction horizon remains close to Ny ~ Npin for slow motions, and
smoothly increases to Ny ~ 8-10 as the target velocity increases. The use of the tanh(-)
function ensures a continuous variation of N, thereby avoiding abrupt horizon changes.

Due to the smooth saturation property of the hyperbolic tangent function, no oscilla-
tory behavior of the prediction horizon was observed in practice. When the horizon length
changes, the QP warm-start is implemented by truncating or zero-padding the previous
solution, which avoids reinitialization of the optimizer and does not introduce numerical
instability or computational jitter.

This adaptive mechanism improves real-time performance without compromising
control robustness. The dimensionality reduction performance achieved by the proposed
method is illustrated in Figure 5.

Original phase map, Low Gradient Phase Map

/ ‘ 3

2

41 ‘ ‘
(a) (b)

Figure 5. (a) Original phase map. (b) Phase map after PCA dimensionality reduction.
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3.2.5. Summary

The combined sparsification, PCA reduction, and adaptive horizon scheduling allow
the MPC module to operate in real time even with dense phase-map features. Importantly,
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the reduced model preserves the full-rank structure of the interaction matrix and ensures
consistent visual observability and servo accuracy.

3.3. Extended Kalman Filte

Extended Kalman Filtering (EKF) is a well-established algorithm for estimating the
states of nonlinear systems, capable of providing accurate estimates of the position and
velocity of dynamic objects. The underlying principle involves a first-order linearization of
the system via a Taylor expansion, followed by iterative updates using standard Kalman
filter equations. The initial step in the process is to model the motion of the target within
the EKF framework. State variables:

my = [pk c RS 31)

Vk

Let px = [Xi, Vi, z] Tdenote the position of the object in the camera coordinate sys-
tem, and v = [Xi, Vi, 2] T represent its linear velocity. The measurement is defined as
z, = (Ex € R™. Based on these definitions, a kinematic model of the object is established.

Pr + U At
Uk

my g = f(my) +wy = + wyi (32)

Let f(-) is a nonlinear state transfer function, and wy represent the process noise.
Assuming wy follows a zero-mean Gaussian distribution with covariance Q ,we have

oF

k=3 = (33)

I At 1
0 I

Next, an observation model is established based on the phase features, mapping the
object’s position to the measured phase values.

¢ = h(pi) +ng (34)

Let h(-) denote the nonlinear mapping from the object’s position to the phase map,
and let n, represent the observation noise, assumed to follow a Gaussian distribution with
covariance R. Accordingly, the corresponding Jacobian is given by:

— oh — | oh mx6
k=5 =[a 0]er (35)

Here, % corresponds to the interaction matrix Ly used in visual servo control. The
following steps describe the Extended Kalman Filter (EKF) procedure, encompassing both
prediction and update. Prediction model:

My = f(Mg1) (36)

Py—1 = FiiPeoiFL; +Q (37)

Py jk—1 represents the prior covariance matrix at time instant k, Py_; denotes the state-
transition Jacobian matrix, which approximates the linearization of the nonlinear state
equation. It is obtained by taking the derivative of the state equation with respect to the
state at time step k — 1. P;_1 denotes the posterior covariance matrix at time step k — 1.

Update model:

-1
Ky = Py Hy (HkPk|k—1HE + R) (38)
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The Ky denotes the Kalman gain at time step k. Hy denotes the observation Jacobian
matrix, which approximates the linearization of the nonlinear observation equation. It is
obtained by taking the derivative of the observation equation with respect to the prior state
at time step k.

my = my 1 + Ky (f?k - h(ﬁk|k-1)) (39)

The my represents the posterior state estimate at time k. ﬁlk“(_l represents the prior
state estimate at time k.
Py = (I - KyHy)Prpeq (40)

The predicted phase map is employed as input for the MPC, which requires N-step
prediction using the state propagation equations.

Pk = Prri-1jk + Okvio1yk At (41)

Consequently, the predicted phase map is obtained.

Prtif = N(Prifi) (42)

This set of predicted phase maps represents the trajectory input provided to the MPC,
rather than the actual object trajectory. Equation (42) is then substituted into Equation (19)
to derive the final cost function.

N 2 N-1
U) = Y [fesiie = kL[ + X el (43)
i=1 i=0

The EKEF is executed at the control rate with a sampling period of At = 8.3 ms. The
process noise covariance is chosen as Q = diag(107°, 107¢, 107¢, 104, 1074, 10~*), and
the measurement noise covariance is R = diag((0.03)?).

The larger uncertainty assigned to the velocity states reflects unmodeled target accel-
erations, while the measurement noise level is consistent with the empirical phase noise
observed in the imaging system.

As illustrated in Figure 6, the EKF substantially reduces the phase error during high-
speed motion. Without EKF, the phase error exhibits large instantaneous fluctuations,
with peak values approaching 0.2 rad. By incorporating the EKF, the phase error is both
attenuated and smoothed, with typical peaks below 0.1 rad. This demonstrates that the
EKEF successfully predicts the target motion, compensates for image-to-phase latency, and
suppresses measurement noise, thereby enhancing the stability and performance of the
closed-loop visual servoing system.

Comparison of Phase Error With and Without EKF
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Figure 6. Comparison of phase error with and without EKF during high-speed motion.
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4. Experimental Verification
4.1. Simulation

Thus, the reduced visual model preserves the local linearization structure of the
original system while reducing complexity by a factor of m/d. In all experiments, the
gradient threshold e is set to

€= 0.15~max<\/G5+G%>,

and the PCA dimension is fixed to d = 8, which are chosen based on the statistical analysis
presented in Table 2. These values are kept constant across all scenes and experiments.

Table 2. Effect of sparsification threshold ¢ and reduced dimension d on computational efficiency
and accuracy.

€ d Solve Time (ms) RMS Error (mm) Omin(Lz)
0.05 12 3.5 0.042 041
0.15 8 1.9 0.048 0.36
0.30 6 1.3 0.081 0.19

Table 2 further analyzes the influence of the gradient threshold € and PCA dimension
d on both computational efficiency and system observability. While a smaller € preserves
more pixels and improves opin (L2), it significantly increases the MPC solve time. Con-
versely, overly aggressive sparsification degrades observability. Based on this analysis,
€ = 0.15and d = 8 are selected as a balanced configuration.

To evaluate the tracking accuracy improvements achieved by integrating the extended
Kalman filter (EKF) with model predictive control (MPC), we first conducted simulation
experiments in MATLAB. Given the desired phase map and the initial phase map as
inputs, tracking was performed using the proposed control law together with the improved
constrained MPC framework. Eight different methods, as listed in Table 3, were compared,
with methods A and B serving as baseline approaches. The corresponding tracking error
curves are presented in Figure 7.

Table 3. The numbering and descriptions of the eight control methods.

Control Method Description

A Using the high-dimensional features of the original phase map, the interaction matrix is recalculated at each step.
B Thermal startup (a mature technology) is integrated into Baseline A.

M1 Only PCA dimensionality reduction is performed, without sparsification or adaptivity.

M2 The original MPC is used, but gradient sparsification is applied to the control matrix.

M3 The original MPC is used, but the prediction horizon is dynamically adjusted according to the phase change rate.
M4 PCA Dimensionality Reduction + Sparse Jacobian.

M5 PCA Dimensionality Reduction + Adaptive Horizon.

M6 PCA Dimensionality Reduction + Sparse Jacobian + Adaptive Horizon.

All experiments were conducted under a unified hardware and sensing configuration.
The camera operated at a resolution of 640 x 480 with a frame rate of 120 Hz, while the
exposure time was fixed at 3.0 ms to balance image clarity and temporal resolution in
high-speed scenarios. The control framework was executed on a workstation equipped
with an Intel Core i7-12700 processor, where the MPC optimization problem was solved
in single-thread mode. The resulting quadratic programming (QP) subproblems were
handled by the qpOASES solver with warm-start enabled, thereby reducing computational
overhead between consecutive control cycles and enhancing real-time performance.

Figure 7a presents the combined convergence curves of all eight methods, where the
errors from the four channels are integrated using the 2-norm. It is evident that M6 out-
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performs other methods in terms of convergence rate: within approximately 20 iterations,
Mé6’s combined error exhibits a strong exponential decay and rapidly approaches zero. In
contrast, most other methods demonstrate slow decay or significant residual errors, indicat-
ing that M6 possesses distinct advantages in balancing stability and response speed. This
figure is used to compare overall convergence behaviors, clearly reflecting the synergistic
effects of Phase-Reduced + Sparsified + Adaptive strategies.

Figure 7b illustrates the progressive convergence of M6’s four independent channels
(e—x, e_y, e_z, e_w). Each channel decays at a high exponential rate and ultimately
converges to zero, demonstrating that M6 not only achieves fast convergence in terms of
overall error but also realizes synchronized high-quality convergence across all compo-
nents, with nearly no long-term bias or oscillations. This is particularly critical for precise
position/attitude tracking.

5 Convergence (4-channel combined)

Me6: Channel-wise Convergence
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Figure 7. Performance comparison under eight tracking strategies. (a) Iterative convergence curves
under the eight tracking strategies. (b) Convergence of individual directional errors under the M6
strategy (the strategy we designed). (c¢) RMS Error of 8 MPC Methods. (d) MPC Solver Time Distribution.

Figure 7c is a colored bar chart showing the mean and standard deviation of RMS
errors for each method across multiple trials. M6’s bar is significantly lower than those
of other methods with a smaller error variance, indicating that M6 can maintain lower
steady-state errors and better consistency across different trials (including scenarios with
random perturbations). This directly quantifies the improvement in tracking accuracy
achieved by Mé.

Figure 7d is a boxplot of solving times, displaying the distribution of each method’s
computation time (including median, interquartile range (IQR), and extreme values). M6’s
box is much lower than those of other methods and more compact (smaller IQR and lower
maximum value), demonstrating that the improved scheme offers substantial advantages in
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computational overhead: lower average solving time, reduced jitter, and fewer tail latencies.
This is particularly important for real-time control, as smaller and more predictable solving
times can significantly enhance the stability and deployability of closed-loop control systems.

To evaluate the real-time feasibility of the proposed method, we conducted a statistical
analysis of the computation time over 10 control cycles under identical hardware platforms
and image resolution settings. Table 4 reports the median and 95th-percentile latencies of each
module in the closed-loop control pipeline. The results indicate that the computational costs
of camera exposure, phase computation, and EKF update are essentially consistent across
different methods, whereas the proposed M6 method significantly reduces the MPC/QP
solving time, thereby effectively decreasing the overall closed-loop control latency.

Since camera exposure, phase computation, and EKF updates are independent of
the control dimensionality, their computational costs remain essentially identical across
different methods. In contrast, the proposed M6 approach significantly reduces the di-
mensionality of the MPC optimization variables through sparsification and PCA-based
dimensionality reduction. As a result, the median QP solving time is reduced by ap-
proximately 72%, while the 95th-percentile latency decreases by about 74%, enabling the
overall closed-loop latency to be stably maintained below 10 ms. The statistical results are
summarized in Table 4.

We provide an intuitive illustration in the phase space. As shown in Figure 8b, we
first specify the desired phase map, and then capture an initial phase map at the starting
position, as shown in Figure 8a. Subsequently, trajectories are executed using both the
original control law and our proposed control law. In both cases, the end-effector reaches
the desired pose, and the corresponding trajectories are shown in Figure 8d. The trajectories
in Figure 8c indicate that our method preserves almost the same level of accuracy as the
original approach.

Synthesizing the results from the four figures above, we conclude that M6 achieves a
significant reduction in solving time and faster closed-loop convergence while maintaining
or improving tracking accuracy (lower RMS error). This validates the synergistic value of
the Phase-Reduced MPC combined with Sparsified-L and Adaptive-Horizon strategies in
practical visual servoing + MPC scenarios.
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Figure 8. (a) Initial phase map. (b) Desired phase map. (c) Final phase map. (d) Tracking trajectory.
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Table 4. Per-cycle computation time breakdown (ms) under identical hardware and image resolution.
Median and 95th percentile values are reported.

Module Baseline (Median/95%) M6 (Median/95%)
Camera exposure 3.0/3.0 3.0/3.0
Phase computation 24/29 24/29

EKF (prediction + update) 0.35/0.50 0.35/0.50
MPC/QP solving 6.8/12.4 1.9/3.2
Command transmission 0.30/0.45 0.30/0.45
Total 12.9/19.2 8.3/10.4

4.2. Physical Experiment

Subsequently, a series of real-world experiments were conducted under static condi-
tions, low-speed motion, and higher-acceleration motion. As shown in Figure 9, the camera
and projector were mounted at the distal end of the robotic arm, while the test object was
placed on a conveyor. First, the required phase maps were captured, and the robotic arm
was moved to its initial position to ensure correct projection onto the target object. During
the experiments, the changes in phase map errors, the object’s position and velocity, and
the tracking performance of the control inputs were monitored.

(a) (b) (c)

Figure 9. (a) Expected phase map shooting. (b) System initialization. (c) Final tracking status.

Considering the high computational cost of processing the entire image, the dataset
contained many irrelevant phase regions that could interfere with tracking and cause
unnecessary oscillations. To address this issue, the target region was isolated, and only the
phase differences corresponding to the target were used for control.

The region of interest (ROI) is automatically selected based on connected components of
the phase-gradient magnitude. Pixels with gradient values above the threshold € are grouped
into connected regions, and the largest connected component is selected as the ROL

To evaluate robustness, experiments were conducted where the target partially exits
the ROI during motion. In these cases, the remaining visible region still provides sufficient
phase-gradient information for control, and no noticeable drift or instability was observed.

We further compared the rank of the reduced interaction matrix L, with and without
ROI masking. In all tested scenarios, the rank of L, remains unchanged after masking,
indicating that the ROI selection does not degrade system observability.

Overall, the ROl is automatically generated from connected phase-gradient regions.
Experimental results show that even when the target partially leaves the ROI, the rank of L,
remains unchanged, and no degradation in observability or cumulative drift is observed.

To demonstrate the tracking of pose changes under real experimental conditions, the
required phase maps were first captured, and the object was placed 0.1 m away from
the robotic arm before activating the conveyor system. Tracking experiments were then
conducted under different motion conditions. Figure 10 illustrates the temporal evolution
of the phase maps and highlights the tracking performance of the improved MPC under
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(@)

Error tracking curves before i

three scenarios: a stationary object, motion at 0.05 m/s, and motion at 0.1 m/s. Specifically,
Figure 10 reports the final phase errors.

(b) (¢)

Error tracking curves of the proposed method (static condition) Error curves at a motion speed of 0.1 m/s
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Figure 10. Final phase difference and error tracking curves under three scenarios. (a) Phase difference
in stationary state. (b) Phase difference at low speed. (c) Phase difference at higher speed. (d) Error
tracking curves before improvement. (e) Error tracking curves of proposed method. (f) Error curves
at0.1 m/s.

Under the stationary condition, the convergence curves of the four degrees of freedom
were compared, showing that the control accuracy was almost identical to that of the
original system, i.e., the control method given by Equation (13), with errors around 0.3 mm.
In terms of tracking time, the original iterative method required approximately 30 iterations
to converge, whereas our method converged in only 20 iterations. For the moving object,
the original control method failed to track, while our approach maintained an accuracy of
approximately 0.05 mm at a speed of around 0.1 m/s. However, due to the limited speed of
phase map generation, the accuracy significantly deteriorated for faster objects; therefore,
results for higher-speed scenarios are not presented.

For each target velocity, N = 12 independent physical experiments were conducted.
A tracking failure is defined as the phase error exceeding 0.2 rad continuously for more
than 50 ms.

As summarized in Table 5, both methods achieve stable tracking at 0.05 m/s. However,
the proposed M6 method converges faster and yields a lower final phase error. At 0.1 m/s,
the baseline fails in most trials, whereas the proposed method succeeds in all experiments,
demonstrating significantly improved robustness under high-speed motion.

Table 5. Statistical results of physical experiments (N = 12).

Velocity (m/s) Method Success Rate Final Error (mm) Convergence Time (ms)

0.05 Baseline 100% 0.07 £ 0.02 420 4+ 55
0.05 M6 100% 0.04 +0.01 290 + 40
0.10 Baseline 33% - -

0.10 M6 100% 0.05 +0.02 340 £ 60
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The maximum achievable tracking speed of the proposed system is constrained by
the sensing and control throughput. In our setup, the camera operates at 120 Hz, and the
average closed-loop control period is approximately 8.3 ms. Under these conditions, the
system can stably track target motions up to about 0.12 m/s. When the target velocity
exceeds this limit, the effective phase noise increases significantly due to sensing latency
and reduced phase refresh rate, which degrades the observability of the visual servoing
system. To handle such cases, the controller monitors the phase-error magnitude and
its temporal variation. Once abnormal phase noise is detected, the prediction horizon
is adaptively increased to enhance robustness. If the tracking error continues to grow, a
safe-stop mechanism is triggered to prevent unstable motions.

To evaluate the generalization capability of the proposed method, the same parameter
set is used across different objects unless otherwise stated. In particular, the gradient
threshold €, PCA dimension d, and EKF noise covariances Q and R are kept identical to
those reported in Section 3.

When transferring the system to a new object with different surface curvature or
reflectance, parameter adjustment follows a simple procedure. The gradient threshold
€ is scaled according to the maximum phase-gradient magnitude to maintain a similar
sparsity level, the PCA dimension d is selected to preserve full rank of L,, and the EKF
noise covariances are only adjusted if the empirical phase noise level changes significantly.

Using this procedure, stable tracking performance was achieved across objects with
different surface properties, indicating that the proposed method does not rely on object-
specific tuning.

5. Reproducibility

To facilitate reproducibility of the experimental results, we will release a minimal
reproducibility package that allows independent verification of the main claims reported
in Figures 7 and 10.

The package will include representative phase image sequences used in the exper-
iments, together with the corresponding phase-gradient maps after preprocessing. The
dimensionality reduction parameters, including the gradient threshold € and the PCA
dimension d, are provided for all experiments.

In addition, snapshots of the reduced interaction matrix L, at representative time steps
will be included, enabling verification of rank preservation and singular-value distributions.
The quadratic programming (QP) settings used in the MPC controller, including the solver
type, convergence tolerances, and warm-start strategy, will also be documented.

This material is sufficient to reproduce the solver-time statistics and tracking perfor-
mance trends reported in this paper. We added a new “Reproducibility” section before
the conclusion, detailing the released phase sequences, reduction parameters, interaction-
matrix snapshots, and QP solver settings required to reproduce Figures 7 and 10.

6. Conclusions

This paper presents a novel integration of two high-precision control strategies to
achieve accurate tracking for modern robotic manipulators. By combining phase map-
based visual servoing with model predictive control (MPC), we propose, to the best of our
knowledge, the first framework that exploits phase maps for dynamic target tracking while
simultaneously benefiting from the predictive capability of MPC.

Compared with existing visual servoing and MPC-based approaches, the proposed
method introduces a dimensionality-reduced phase map representation, a newly designed
control matrix, and an adaptive pre-window mechanism, which together significantly
reduce the computational burden. Furthermore, an extended Kalman filter (EKF) is incor-
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porated to predict phase evolution from visual observations, and these predictions are ex-
plicitly embedded into the MPC cost function. As a result, the proposed approach achieves
substantially improved tracking performance compared with a baseline method without
EKF integration. Experimental results demonstrate that, relative to the pre-improved
framework, the computation speed is nearly three times faster, while the loss of accuracy in
stationary scenarios is negligible and the tracking precision in dynamic environments is
markedly enhanced.

Despite these advantages, the proposed method has several limitations. In particular,
the overall performance is constrained by the phase map generation speed. When tracking
high-speed moving objects, rapid phase variations may introduce considerable noise, which
can degrade estimation and control accuracy. Moreover, the current implementation focuses
on a single-target scenario under relatively controlled visual conditions.

Future work will therefore focus on accelerating phase map generation and improv-
ing robustness under fast motion and challenging visual environments. Extensions to
multi-object tracking, adaptive phase modeling, and tighter integration of learning-based
prediction with the MPC framework will also be investigated to further enhance scalability
and applicability.
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