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Optimization-Based Path-Velocity Control for Time-Optimal Path
Tracking under Uncertainties

Zheng Jia1, Yiannis Karayiannidis1, and Björn Olofsson1,2

Abstract— This paper addresses the path-tracking problem
of time-optimal trajectories under model uncertainties, by
proposing a real-time predictive scaling algorithm. The algorithm
is formulated as a convex optimization problem, designed to
balance the trade-off between improving feasibility and time
optimality of a trajectory. The predicted trajectory is scaled
based on the presence of path segments that are particularly
sensitive to model uncertainties within the prediction horizon.
Numerical simulations and experiments demonstrate that the
proposed scaling algorithm reduces the path traversal time,
while preserving similar path-tracking accuracy compared to
an existing non-predictive method.

I. INTRODUCTION

Following a prescribed path as fast as possible, while
guaranteeing high path-tracking accuracy is important for
maximizing the production rate with high quality in robotic
applications. This may be addressed by first solving the
time-optimal path-tracking problem [1]–[6], and second
tracking the trajectories by available high-performance robot
controllers [7]. However, model uncertainties may cause the
planned trajectories become not realizable because of the
physical limits of the robot; time-optimal motions may be
occasionally or always at their torque limits, which leaves
no control margin for feedback control [8]–[16].

One effective way to address this problem is trajectory
scaling, i.e., adjusting the movement speed to comply with
the possible kinematic, dynamic, and torque constraints [8]–
[23]. Both offline and online methods have been explored
within this framework. In [8], the adjustment is done offline
by uniformly scaling the motions by a constant factor.
Alternatively, parametric assumptions on model uncertainties
can be made for robust trajectory generation [6]. As model
uncertainties are not known a priori, optimistic or conservative
assumptions may be made in offline methods. To improve
time optimality and handle unexpected disturbances, online
adjustment methods may be adopted, which can be either
non-predictive or predictive [9]–[24]. Non-predictive methods
adjust the time scaling for current constraint satisfaction,
whereas predictive methods consider the evolution of states
over a horizon. The advantages of non-predictive methods
include fast computation and flexibility [9]–[15], [17]–[19].
In particular, Path-Velocity Control (PVC) in [11] is a
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component external to the robot controller, which modifies
the reference signal, thus significantly simplifying integration
with existing control frameworks (a detailed stability analysis
and further developments in handling path deviations along
the transversal directions of the path are presented in
[9], [15]). On the other hand, predictive scaling in the
Model Predictive Control (MPC) framework has shown its
advantages over the non-predictive methods in terms of shorter
achievable path traversal time and better fulfillment of state
and input constraints, at the cost of possible challenges in
implementation [16], [20]–[24].

In this paper, we propose an online predictive trajectory
scaling algorithm, referred to as optimization-based path-
velocity control (OPVC), to address the path-tracking problem
of time-optimal trajectories. Unlike the MPC formulations in
[16], [20]–[24], the proposed method performs the prediction
by formulating an optimization problem similar to [4],
with a solution inspired by [8]. The algorithm integrates
information about the location of areas particularly sensitive
to uncertainties, in the vicinity of the so-called critical and
tangency points [1], [3], which, as discussed in the paper,
are closely related to trajectory feasibility. The proposed
algorithm is computationally fast and can be integrated with
existing robot controllers as an external component, providing
both flexibility and speed in real-time robotic applications.
The key contributions of the paper are:

1) A real-time predictive trajectory scaling algorithm for
the time-optimal path-tracking problem.

• Flexibility: As an external component, OPVC only
modifies the reference signal to the robot controller.

• Constraint satisfaction & time optimality: As
an optimization-based method, OPVC aims to
minimize path traversal time, while fulfilling torque
constraints, in a receding-horizon fashion.

• Computational speed: OPVC is lightweight and
can run on a Franka Emika Panda robot at 1 kHz.

2) A strategy to balance the trade-off between improving
trajectory feasibility and time optimality.

• Through simulations and experiments, we observe
that time-optimal trajectories are more prone to
infeasibility around critical and tangency points as
a result of model uncertainties.

• We demonstrate that integrating information about
the locations of these points enables OPVC (and
potentially other scaling methods) to determine
when trading off time optimality is necessary to
improve trajectory feasibility.



Fig. 1: Trajectory of the path tracking of a cylindrical path based on the
nominal (dotted line) and true (dashed line) robot models. In the top subplot,
the dark gray area indicates the region above the maximum velocity curve (9)
of the nominal model. The light gray area is caused by model uncertainties.

II. PROBLEM FORMULATION

Consider a robot manipulator with joint variables denoted
by q and its dynamical model given by [25], [26]

B(q)q̈ +C(q, q̇) +G(q) = τ , (1)

where B, C, G are the inertia matrix, Coriolis and gravity
vectors, respectively. Let qr = f(s), where s ∈ [0, 1], be a
reference joint path where the time scaling s(t) determines
the motion along the path. The torque τ that can actuate the
robot to follow the reference path can be parameterized in
the form [11]

τ = β1(q, s)s̈+ β2(q, q̇, s, ṡ), (2)

where the dependence on s̈ is a result of the existence
of a reference acceleration in the controller. Note that (2)
encompasses a variety of common control laws with feed-
forward acceleration terms, see examples in [11]. Note also
that the same parameterization is used when offline computing
optimal trajectories, albeit the dependence on q and q̇ in β1

and β2 is replaced by s and ṡ, by setting q = qr [1], [4]–[6].
In robot control and trajectory optimization problems, the

torque required to follow a path or trajectory is constrained
as follows

τmin ≤ τ ≤ τmax. (3)

Additional kinematic constraints are introduced as

q̇min ≤ q̇r ≤ q̇max, (4)
q̈min ≤ q̈r ≤ q̈max. (5)

Using (2) in (3) and the chain rule q̇r = f ′(s)ṡ, q̈r =
f ′(s)s̈ + f ′′(s)ṡ2 in (4)–(5), where (·)′ denotes d

ds (·), the
constraints can be transformed to constraints on s̈ and ṡ

s̈min (β1,β2) ≤ s̈ ≤ s̈max (β1,β2) , (6)
0 ≤ ṡ ≤ vmax(q̇min, q̇max), (7)

amin(q̈min, q̈max) ≤ s̈ ≤ amax(q̈min, q̈max), (8)

where s̈min and s̈max are dynamic path-acceleration limits,
vmax, amin and amax are the kinematic bounds, and ṡ is
constrained to be non-negative for a forward motion. Note

that (3) not only defines an admissible control interval of s̈
(6), but also implies an admissible state region of ṡ

ṡ ≤ ṡmax = argmax
τmin≤τ≤τmax

ṡ (9)

where ṡmax is the maximum-velocity curve on which s̈min =
s̈max [1], [3]. In trajectory optimization, the limits in (6)–(9)
and the nominal solutions, here denoted as ṡr and s̈r, are
computed offline assuming accurate robot models [1], [4]–[6].
However, when model uncertainties cause the limit in (6)
and (9) to deviate from their nominal values, it is possible
that ṡr and s̈r become infeasible. An example is shown in
Fig. 1, where the superscripts (·)nom and (·)true are used to
distinguish the trajectory computed from the nominal and
true robot models. The nominal reference path velocity ṡnomr

is not feasible at s ≈ 0.33 and s ≈ 0.66 because

ṡnomr > ṡtruemax, (10)

and tracking ṡnomr causes bound-inversion problems [11]

s̈min (β1,β2) > s̈max (β1,β2) . (11)

Note that (10) appears in path segments particularly sensitive
to model uncertainties, where ṡnomr is near ṡnommax, i.e., so-
called critical and tangency points [1], [3]. Consequently, τ
saturates the torque constraint (3), which also occurs when
s̈nomr is not feasible, leading to path deviation. Thus, the
problem considered in this paper is addressing the path-
tracking problem of time-optimal trajectories, when the actual
limits in (6) and (9) differ from their nominal values.

A. Path-Velocity Control

Computing a feasible s̈ within the limits in (6) that do
not coincide with the nominal values can be solved by PVC,
where the limits are re-computed online and used as the lower
and upper bounds in a saturation function sat(·; s̈min, s̈max)

s̈ = sat (u; s̈min, s̈max) , (12)

u = s̈r(s) +
α

2

(
ṡ2r(s)− ṡ2

)
, (13)

which asymptotically tracks ṡr with α as a control parameter,
whenever sat(·; s̈min, s̈max) is not active [9]–[12].

B. Adaptive Trajectory Scaling

The state constraint (9), however, is not considered in (12)–
(13). To reduce the risk of the problem (10)–(11) occuring,
a velocity margin to ṡmax can be created by scaling (s̈r, ṡr)
down by a factor γ that is appropriately adapted [9]–[12]

u = γ2s̈r(s) +
α

2

(
γ2ṡ2r(s)− ṡ2

)
. (14)

By constraining γ to (0, 1] and assuming γ̇ is sufficiently
small, (7)–(8) can also be satisfied

0 ≤ γṡr ≤ vmax, (15)

amin ≤ γ2s̈r ≤ amax. (16)

In [11], a feedback law is designed to adapt γ

γ̇ =

{
kγ (ṡ− γṡr) γ̂, γṡr ≥ ṡ

0, γṡr < ṡ
(17)



where kγ controls the adaptation rate and γ̂ = ṡ
ṡr

. When
γṡr ≥ ṡ, it indicates that the path-acceleration capability,
limited by the torque constraint and model uncertainties, is
insufficient to track the scaled solution γṡr, and γ is adapted
to decrease and create a larger margin. However, since a trade-
off exists between increasing the margin and maximizing path
traversal speed, the adaptive law (17) with a focus on creating
the margin may lead to overly conservative scaling even if
it is unnecessary. Additionally, as a non-predictive method,
the future path information is not used in (17). Furthermore,
while the locations of critical and tangency points are known,
this information is not considered in (17). The predictive
method OPVC proposed in this paper aims at improving the
balance between minimizing the risks of infeasibility and
path traversal time of trajectories, based on the presence of
the critical and tangency points within the prediction horizon.

III. OPTIMIZATION-BASED TRAJECTORY SCALING

This section describes the motivation and formulation of
the proposed method. The idea is based on the observation
that the output of robot controllers can be expressed as an
approximation of the sum of the feedforward term τff and the
feedback term τ fb, when the robot stays sufficiently close to
the reference trajectories. The torque τff can be evaluated over
a horizon and separated into a scalable part parameterized
by the scaling factor γ and a non-scalable part that is not
affected by γ. Information about the locations of the critical
and tangency points over the horizon will be included in the
proposed scaling method.

A. Controller Approximation

An example of a controller that can be approximated as
the sum of τff and τ fb is the computed-torque control [25],
[26]

τ ct = B̂(q) (q̈r +∆v) + Ĉ(q, q̇) + Ĝ(q), (18)

where the notation (̂·) denotes the estimate of robot
parameters, ∆v = Kq∆q +Dq∆q̇ is the feedback control
input, ∆q = qr−q is the joint position error, Kq and Dq are
the gain parameters. Assume q ≈ qr, q̇ ≈ q̇r can be achieved
by the controller (18), then (18) may be approximated as

τ̃ ct = B̂(qr) (q̈r +∆v) + Ĉ(qr, q̇r) + Ĝ(qr) (19)

= B̂(qr)q̈r + Ĉ(qr, q̇r) + Ĝ(qr)︸ ︷︷ ︸
τ ff (qr,q̇r,q̈r)

+ B̂(qr)∆v︸ ︷︷ ︸
τ fb(qr,∆v)

. (20)

Using q̇r = f ′(s)ṡ and q̈r = f ′(s)s̈+ f ′′(s)ṡ2 in (20), τff

can be further expressed as a function of path variables

τff =Γ1(s)s̈+ Γ2(s)ṡ
2 + Ĝ(s), (21)

where Γ1(s) = B̂(s)f ′(s) and Γ2(s) = B̂(s)f ′′(s) +
Ĉ

(
f(s),f ′(s)

)
. Then (20) can be written as

τ̃ ct = Γ1(s)s̈+ Γ2(s)ṡ
2 + Ĝ(s) + B̂(s)∆v, (22)

where Γ1s̈+ Γ2ṡ
2 is the scalable part, since (s̈, ṡ) can track

the scaled solution (γ2s̈r, γṡr) by (12) and (14). Then (22)
can be used for verifying the feasibility of nominal solutions

(s̈r, ṡr) with respect to (3) and ∆v. Conversely, a feasible pair
(s̈, ṡ) may be determined by solving a convex optimal control
problem similar to that in [4], which minimizes the path
traversal time, T =

∫ 1

0
1
ṡds, subject to kinematic constraints

(7)–(8), dynamic constraint (22), torque limits (3), boundary
conditions ṡ2(0) = ṡ2(1) = 0, and the differential constraint
d
ds ṡ

2 = 2s̈

minimize
s̈, ṡ, τ

∫ 1

0

1

ṡ
ds (23)

subject to τ = Γ1s̈+ Γ2ṡ
2 + Ĝ+ B̂∆v, (24)

ṡ2(0) = ṡ2(1) = 0,
(
ṡ2
)′

= 2s̈, (25)
τmin ≤ τ ≤ τmax, (26)

0 ≤ ṡ2 ≤ v2max, amin ≤ s̈ ≤ amax. (27)

B. Optimization-Based Trajectory Scaling

Let s̈r(s; ∆v) and ṡr(s; ∆v) denote the optimal solution
of (23)–(27) with explicit dependence on ∆v. In particular,
when ∆v = 0, (23)–(27) is equivalent to the optimal control
problem formulated in [4], and its solution can be denoted
as s̈r(s;0) and ṡr(s;0). Directly solving for s̈r(s; ∆v)
and ṡr(s; ∆v) is at least as computationally expensive as
solving the optimal control problem in [4], which is typically
solved offline in common practice (an online variant can be
found in [27]). Alternatively, we propose to scale the offline
solution γ2s̈r(s;0) and γṡr(s;0) to solve (23)–(27) for faster
computation, and let

τ γ =
(
Γ1s̈r(s;0) + Γ2ṡ

2
r(s;0)

)
γ2 + Ĝ+ B̂∆v. (28)

The sub-optimal solution τ γ(s,∆v) is a particular form of
(22), where the boundary and differential constraints (25) are
automatically satisfied, and (27) can be satisfied if γ ∈ (0, 1].
When the integration limits are changed to [s, s+∆s], the
problem can be transformed to minimizing over a constant γ
in a receding horizon

minimize
γ

1

γ
∆T (29)

subject to τmin ≤ τ γ ≤ τmax, 0 < γ ≤ 1, (30)

where ∆T =
∫ s+∆s

s
1

ṡr(s;0)
ds is the nominal traversal time

of ∆s. Nonetheless, (29) becomes singular when γ ≈ 0,
and the torque constraint in (30) is non-convex in γ. This is
addressed by transforming the problem to

maximize
γ2

γ2 (31)

subject to τmin ≤ τ γ ≤ τmax, 0 ≤ γ2 ≤ 1, (32)

which is linear in γ2. Except for the decision variable γ2 and
the measured quantity ∆v, the remaining terms are nominal
values of robot parameters and the offline solution s̈r(s;0)
and ṡr(s;0), readily available before solving (31)–(32).

As the bound-inversion problem (11) often occurs near the
critical and tangency points, information about their locations
can be used by designing an additional path-dependent term
in (31) after the discretization. Let N be the number of



TABLE I: Joint torque limits (Nm) for trajectory optimization and control.

Joint 1 2 3 4 5 6 7
Cylindrical ±54 ±54 ±54 ±54 ±12 ±12 ±12

Zig-Zag ±54 ±54 ±10 ±54 ±12 ±12 ±12

discrete coordinates over [s, s + ∆s], with x = γ2 as the
optimization variable. Assume an equal distance δs = ∆s

N−1
is chosen, with sk = s + kδs as the k-th point, and τ k =
τ γ(sk,∆v). OPVC solves the following discretized quadratic
programming problem at each discrete-time instant i. The
optimal solution is denoted as x∗

i .

maximize
x

x− 1

N

N−1∑
k=0

w(sk)
(
x∗
i−1 − x

)2
(33)

subject to τ k =
(
Γ1s̈r + Γ2ṡ

2
r

)
k
x+ Ĝk + B̂k∆v, (34)

τmin ≤ τ k ≤ τmax, k = 0, . . . , N − 1, (35)
0 ≤ x ≤ 1. (36)

The additional term in (33) penalizes the increase of γ with
a weighting function w(s) ∈ {wl, wh}, designed to take a
high value wh when near the critical and tangency points,
and a low value wl otherwise. Let γ̂opt =

√
x∗
i . Since ∆v

may contain disturbances and measurement noise, a low-pass
filter d

dsγ = kγ(γ̂opt − γ) is applied, where kγ controls the
bandwidth. The filtered signal γ is then used in (12) and (14)
for tracking scaled trajectories.

IV. SIMULATION

The proposed method is first evaluated on a simulated
Franka Emika Panda robot in the Algoryx Dynamics
simulation environment1, based on the parameters identified
in [28]. Torque limits in Table I and kinematic constraints2

of the Panda robot are used for trajectory optimization
(using the method in [4]) and control. Model uncertainties
consist of differences in mass between the model and
the simulated robot, where the latter has 10% higher
masses for all links. Mass variations introduce deviations
in the dynamic matrices B, C, and G, e.g., when the
manipulated object (treated as part of the end-effector)
has uncertain mass and inertia properties. The joint path
to follow corresponds to a cylindrical path in Cartesian
space, as shown in Fig. 2. The path is given by p(s) =
[0.484 + 0.2 cos(6πs), 0.2 sin(6πs), 0.25s] (m), s ∈ [0, 1].
The robot is controlled by (18), with gains Kq =
diag

([
ω2
0 , . . . , ω

2
0

])
, Dq = diag ([2ω0, . . . , 2ω0]) , and

frequency ω0 = 40π. Both simulation and control intervals
are 1 ms. As a baseline for comparison, PVC (12)–(13)
highlights which path segments the bound-inversion problem
(11) may appear. The adaptive law (17) with estimate γ̂ = ṡ

ṡr
represents a class of non-predictive methods that adapt γ
based on current path information and measurements.

A. Results

The simulation results comparing the path-tracking
accuracy in Cartesian space are shown in Fig. 2. The

1February 25, 2025. Available: https://www.algoryx.se/agx-dynamics/
2February 25, 2025. Available: https://frankaemika.github.io/docs/

(a) Panda in Algoryx Dynamics (b) End-effector position

Fig. 2: Time-optimal path tracking of a cylindrical path. The starting point
of the path is indicated by a black star. The lines representing Reference,
PVC+adaptive, and OPVC overlap in the broader view.

(a) PVC: ṡ enters the inadmissible region when tracking ṡnomr .

(b) PVC+adaptive: γ decreases rapidly due to the high gain of kγ .

(c) OPVC: γ is scaled down locally when ṡ is near ṡmax.

Fig. 3: Simulation (cylindrical): comparison of results.

https://www.algoryx.se/agx-dynamics/
https://frankaemika.github.io/docs/


TABLE II: Simulation: RMSE (mm), Maximum Path-Tracking Error (mm),
Task Execution Time (s), Percentage Changes (-), Average γ (-), and
Parameters for Time-Optimal Path-Tracking of a Cylindrical Path.

Cylindrical Metric Parameters
RMSE emax T ∆pnom ∆ptrue γ̄ kγ wh wl ∆s N

Nominal - - 5.88 - - - - - - - -
True - - 6.09 - - - - - - - -
PVC 223 731 5.82 -1.1% -4.5% - - - - - -

PVC+adapt. 1.22 2.04 7.89 34.3% 29.5% 0.74 1900 - - - -
OPVC 1.22 2.09 6.23 6.0% 2.2% 0.94 200 1.5e3 50 4.0% 5

evolution of ṡ, s̈, γ, and τ2 over s are shown in Fig. 3.
The weighting function w(s) scaled to fit the space is
shown in Fig. 3c. Root mean squared errors (RMSE) and
maximum path-tracking error emax = max0≤s≤1 ∥e(s)∥2
for the end-effector tip position, task execution time T ,
percentage changes in time ∆pnom = (T −T nom)/T nom and
∆ptrue = (T − T true)/T true, the average value γ̄ =

∫ 1

0
γds,

and parameters are summarized in Table II.
Fig. 3a shows that the bound-inversion problem occurs

at s ≈ 0.33 and s ≈ 0.66 because of model mismatch. As
significant path deviation occurs, see the dashed-dotted line
in Fig. 2b, the plots of s̈ and τ2 are not shown here. The
shape of ṡtruer indicates that trajectories need to be scaled
down in advance, ideally only when approaching the critical
points.

As seen in Fig. 3b, the adaptive law (17) scales down the
nominal solution in advance to create a margin near the critical
points. The parameter kγ is incrementally increased from 0
until the bound-inversion issues are resolved (its minimum
value is reported in Table II). However, as kγ becomes larger,
it results in earlier and excessive scaling down of ṡ. This
is because (17) adapts γ when insufficient path acceleration
has been measured, i.e., γṡr > ṡ. Such measurements at the
start of the path tracking result in a substantial scaling down
for the remainder of the path. It is possible to modify the
adaptive law (17) to activate only near the critical points
to improve time optimality. However, simulations indicate
that measurements obtained near the critical points may not
provide sufficient time to adapt γ; the margin may need to be
established based on measurements obtained earlier, leading
to overly conservative scaling.

Compared to the adaptive law (17), OPVC exploits the
future path information by inspecting the nominal trajectory
4% ahead along s, see Table II, and determines a feasible
γ̂opt compatible to ∆v. Fig. 3c shows that ṡ circumvents the
critical points, and restores back to tracking ṡnomr afterwards.
Note that the reduction of γ happens when s̈ is still within
the path-acceleration limits, which may be difficult for non-
predictive methods to achieve. It is observed that OPVC
results in slightly more conservative γ than γtrue and (17)
near the critical points. Note also that the plot of the weighting
function and the locations of discrete points suggest that
δs should be smaller than the segment length where wh is
applied, to ensure that the average weighting remains high
when a critical point is within the horizon. The parameters
wl and wh that achieve the shortest path traversal time are
chosen. Overall, OPVC improves time optimality by reducing
∆ptrue from 29.5% to 2.2%, compared to the adaptive law

TABLE III: Experiment (cylindrical): RMSE (mm), Maximum Path-Tracking
Error (mm), Task Execution Time (s), Percentage Changes (-), Average γ (-),
and Parameters for Time-Optimal Path-Tracking of a Cylindrical Path.

Cylindrical Metric Parameters
RMSE emax T ∆pnom γf γ̄ kγ wh wl ∆s N

Nominal - - 5.878 - - - - - - - -
PVC 3.32 11.82 5.955 1.3% - - - - - - -

PVC+adaptive 2.35 4.98 6.947 18.2% 0.738 0.847 200 - - - -
OPVC 2.93 6.91 5.991 1.9% 0.999 0.976 200 5e3 50 4.0% 5

TABLE IV: Experiment (zig-zag): RMSE (mm), Maximum Path-Tracking
Error (mm), Task Execution Time (s), Percentage Changes (-), Average γ (-),
and Parameters for Time-Optimal Path-Tracking of a Zig-Zag Path.

Zig-Zag Metric Parameters
RMSE emax T ∆pnom γf γ̄ kγ wh wl ∆s N

Nominal - - 1.469 - - - - - - - -
PVC 5.22 11.99 1.481 0.8% - - - - - - -

PVC+adaptive 2.18 3.43 1.979 34.7% 0.682 0.730 200 - - - -
OPVC 2.18 3.47 1.967 33.9% 0.999 0.751 200 5e3 100 6.0% 5

(17). RMSE and emax of OPVC are slightly higher than the
adaptive law (17) because the effects of uncertainties increase
with a higher path traversal speed, such as changes in the
Coriolis effects.

V. EXPERIMENTAL RESULTS

The performance is further evaluated on the Franka Emika
Panda robot in two experiments. Experiment 1 follows the
same path as in the simulation. Experiment 2 follows a zig-
zag path in Cartesian space, see Fig. 4. A video of two
experiments is available online3. To evaluate the performance
when more than one joint is at the torque limit, the limit of
τ3 is set to 10 Nm in Experiment 2, see Table I. The robot
is controlled with a 1 ms control interval through the Franka
Control Interface (FCI) and libfranka4. The library libfranka
provides the internal numerical values of the robot model,
here denoted as B̂FE, ĈFE, and ĜFE. OPVC is implemented
using CVXGEN [29] and solves the optimization problem
within each control interval of 1 ms. The controller used for
the experiments is

τ = B̂FE(q)q̈r+ĜFE(q)+F̂ FE(q)+Kq∆q+Dq∆q̇ (37)

where Kq = diag([800, 800, 800, 800, 250, 150, 50]), Dq =
diag([60, 60, 60, 60, 30, 25, 15]), and F̂ FE is the internal
friction compensation by FCI. The controller omits the
Coriolis vector and the pre-multiplication of B̂FE to ∆v.
Since FCI internally compensates F̂ FE but does not provide
their numerical values, it is not used for the computation of
the limits in (6).

A. Cylindrical Path

As seen in Fig. 5a, the same bound-inversion problems
in simulations appear for the cylindrical path, indicating
that time-optimal solutions are indeed more sensitive around
these points. Fig. 5b shows that PVC+adaptive, as a non-
predictive method, may scale down the path velocity more
than necessary after the first critical point. Fig. 5c shows
that OPVC obtains similar qualitative results to simulations;
scaling down the trajectory only occurs when close to the
critical points. The percentage change in time ∆pnom is

3February 25, 2025. Available: https://youtu.be/0sS3V1OyDjY
4February 25, 2025. Available: https://github.com/frankarobotics/libfranka

https://youtu.be/0sS3V1OyDjY
https://github.com/frankarobotics/libfranka


(a) Panda in experiments (b) End-effector position

Fig. 4: Time-optimal path tracking of a zig-zag path in Cartesian space. The
starting point of the path is indicated by a black star.

significantly lower than PVC+adaptive with similar path-
tracking accuracy, see Table III.

B. Zig-Zag Path

Fig. 6a shows that the time-optimal motion along the zig-
zag path involves frequent acceleration and deceleration of
the robot and contains six critical and tangency points. It is
observed that all bound-inversion problems occur near these
points. Fig. 6b shows that PVC+adaptive results in uniform
scaling to circumvent all these points, without considering
their precise locations. Comparing Fig. 6b and Fig. 6c, OPVC
achieves higher trajectory speed ṡ and better torque utilization
than PVC+adaptive at ①④⑤, but reduces the speed more
cautiously at ②③, when approaching critical and tangency
points. This may be because OPVC is more sensitive than the
adaptive law (17) to peak values of ∆v. In (17), these peaks
are reflected in s̈ but are smoothed out in the velocity error
ṡ− γṡr, after integrating s̈. While the number of critical and
tangency points increases from two in the cylindrical path
to six in the zig-zag path, OPVC still achieves shorter path
traversal time and comparable path-tracking accuracy, see
Table IV. The cautiousness of OPVC around the critical and
tangency points can accumulate however, potentially affecting
time optimality, as the number of critical and tangency points
continues to increase. Despite this, the ability of OPVC to
maximize trajectory speed elsewhere is still advantageous, and
the strategy of balancing the trade-off based on the locations
of critical and tangency points continues to be beneficial.

VI. CONCLUSION

An online predictive trajectory scaling algorithm is
presented, which aims to balance the trade-off between
minimizing the risks of infeasibility and path traversal time in
time-optimal path-tracking problems. The proposed algorithm
leverages information about the locations of critical and
tangency points, which are closely related to trajectory
feasibility, in guiding the scaling process. Simulations and
experiments show that the predictive algorithm reduces the
risks of infeasibility by cautiously circumventing these points,
and improves time optimality by scaling less conservatively
when away from them. Additionally, the proposed algorithm is
computationally fast and can be integrated with existing robot
controllers, providing both flexibility and speed in real-time

(a) PVC: bound inversion occurs near the critical points.

(b) PVC+adaptive: γ decreases gradually along the path.

(c) OPVC: γ is scaled down locally when near the critical points.

Fig. 5: Experiment (cylindrical): comparison of results.

robotic applications. Future work may include introducing
auxiliary optimization variables to reduce sensitivity to
disturbance peaks and designing alternative weighting
functions to further improve the performance.
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