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Abstract— Efficient and safe transport of deformable pack-
ages using suction cups is crucial in warehouse automation.
Unlike rigid packages, deformable packages exhibit complex
oscillatory behaviors and can detach under aggressive motions.
Traditional motion planners typically overlook these oscilla-
tions, often resulting in either unsafe trajectories or overly
conservative, slow motions. This paper addresses that gap by
formulating package oscillation dynamics as constraints and
incorporating them into a Cartesian trajectory optimization
framework. These constraints are formulated to be state-
dependent - i.e., they adapt according to the instantaneous con-
ditions along the planned trajectory (such as acceleration and
gripper orientation) - to ensure that oscillations remain within
safe limits. We derive a pendulum-like model to characterize
package swing, enforcing constraints on peak oscillation angles.
Our approach then optimizes end-effector trajectories under
these state-dependent constraints, ensuring safe transport when
the end-effector follows constant-acceleration profiles. Real-
world experiments demonstrate that our optimized trajectories
reduce transport time by up to 18% compared to baseline
motions while strictly adhering to safety limits on package
swing.

I. INTRODUCTION

In today’s fast-paced e-commerce and manufacturing envi-
ronments, efficient robotic manipulation of packages has be-
come a critical necessity. The combination of rising demand
for same-day deliveries [1], [2], increasing labor shortages in
distribution centers [3], and the operational goal of minimiz-
ing cycle times [4] drives the push for automation. Robots
equipped with diverse end-effectors, such as suction cups,
are regularly deployed to pick and place items ranging from
rigid boxes to soft or irregularly shaped packages [5], [6].
While motion planning for rigid payloads is well studied [7]–
[9], many real-world packaging materials are deformable,
introducing additional complexities in safe transport and
motion generation.

Unlike rigid objects, deformable packages exhibit shape
changes under load, making them susceptible to swing, oscil-
lations, and partial detachments at higher velocities or accel-
erations [10], [11]. For example, many deformable packages
can detach from suction cups due to inertial forces if robot
motions are too aggressive [12]. In many existing robotic
operations, operators revert to conservative trajectories with
low accelerations to avoid damaging packages or risking
drops [13], [14], resulting in slower overall throughput.
Such an approach, though safe, is increasingly at odds with
the need for rapid fulfillment, highlighting the importance
of strategies that can model and limit oscillation while
maintaining high-speed transport.

1Realization of Robotic Systems Lab, University of Southern California,
Los Angeles, CA, USA. 2Amazon Robotics, North Reading, MA, USA.
Emails: {fanwanf, sidmayya}@amazon.com

Address all correspondence to guptask@usc.edu

Fig. 1: Comparison of transport dynamics: (A) a rigid pack-
age with minimal oscillation versus (B) a deformable pack-
age exhibiting significant swing, motivating state-dependent
oscillation constraints.

In our prior study [12], we optimized suction-based grip
safety to avoid package detachment, enabling faster cycle
times for certain deformable packages. We observed that con-
straints are inherently state-dependent. Conventional time-
optimal path planning approaches, such as TOPP-RA [15],
Graph of Convex Sets [16], and classic Bobrow’s method
[17], can yield near-minimum-time solutions; however, they
do not consider dynamic, state-dependent, acceleration-based
constraints arising from the payload’s behavior, such as
package oscillations, as illustrated in Fig. 1.

In this work, we propose a motion planning approach
that explicitly models and limits package oscillations during
transport. The key contributions of our approach are as
follows: (1) We derive an analytical pendulum-like model
for the package’s oscillatory behavior and incorporate it as a
constraint in a Cartesian trajectory optimization framework.
Notably, the oscillation constraints are state-dependent –
they automatically adjust based on the robot’s instantaneous
acceleration and orientation, ensuring the package’s swing
remains within safe bounds at all times. We calibrate the
pendulum model’s parameters using motion capture data
from real robot movements, which improves the accuracy
of oscillation predictions for various deformable packages.
(2) Using this model, our trajectory optimizer generates
smooth, constant-acceleration motion profiles for the robot’s
end-effector that respect the oscillation constraints. In doing
so, the planner can push for faster speeds when possible,
but will restrict accelerations or change orientation when
the model predicts excessive swing. (3) We demonstrate the
effectiveness of the approach on real-world transport tasks.
The optimized trajectories reduce transport time by up to
18% compared to conservative baseline motions, all while
maintaining the required safety margins for the package’s
stability (no drops or excessive oscillations observed).



II. RELATED WORK

Research on deformable object manipulation has largely
focused on developing either detailed models or data-driven
policies for tasks such as cloth folding [18]–[20], rope
disentangling [21], [22], and insertion or cutting operations
[10], [11]. Simulation platforms like SoftGym [23] highlight
the complexity of non-rigid dynamics by offering a suite
of deformable tasks (cloth, rope, and fluid) to benchmark
reinforcement learning approaches [24]–[26]. While these
works provide valuable insights, particularly in learning
control under uncertain material states, they often target
relatively slow manipulations or cyclic tasks, such as iter-
ative folding and smoothing [27], [28]. High-speed motion
introduces a different risk profile: even brief accelerations
can produce large swings or detachments [4], underscoring
the need for trajectory planners that explicitly account for
rapid oscillations in deformable packages.

On the time-optimal control side, foundational methods
by Bobrow et al. [17] and subsequent extensions [15],
[29] focus on respecting joint-level constraints—velocity,
torque, or jerk—to minimize travel times. Approaches like
TOPP-RA [15] efficiently parameterize the path for time-
optimality but ignore the payload’s dynamic response. Simi-
larly, real-time trajectory generation methods [30], [31] and
optimization-based planners such as CHOMP [32], TrajOpt
[33], and sequential convex optimization [34] incorporate
rich constraints (e.g., collision avoidance, smoothing) yet
generally assume rigid payloads. As a result, these algorithms
can produce trajectories that inadvertently exceed the safe
dynamic envelope for a deformable item.

Motivated by the need for task-specific motion constraints,
grasp-optimized frameworks have emerged. The GOMP
family (GOMP [7], GOMP-FIT [8], and GOMP-ST [9])
shows how domain constraints (e.g., limiting accelerations to
prevent spilling or suction failure) can significantly improve
task performance. However, these methods assume a rigid
payload and fail to address compliant systems. In compliant
systems, payload flexibility can amplify oscillations, and tra-
ditional kinematic approaches do not address this issue. This
necessitates an integrated model that can directly account for
oscillatory behavior.

Our previous work [12] investigated safe, time-optimized
transport of deformable packages using suction cups. The
approach used a three-tier factor-of-safety prediction model
to anticipate potential suction failures but did not explicitly
model package oscillations. Consequently, as package defor-
mation grew, the planner relied on empirical safety margins
that could become overly conservative. In this paper, we
extend the notion of coupling motion planning with a safety
metric by integrating a pendulum-like model to capture and
bound oscillatory behavior. Moreover, we employ both local
and global solvers to systematically find optimal solutions
subject to these oscillation constraints. This integrated frame-
work not only refines the dynamic limits imposed on the
trajectory but also enables a more balanced trade-off between
speed and safety.

III. PROBLEM FORMULATION

The primary objectives of this paper are twofold: (1) to
develop a continuous and differentiable analytical model that
accurately captures the complex oscillatory dynamics exhib-
ited by deformable packages during robotic manipulation,
and (2) to design a constraint-based, time-optimal trajectory
planner that incorporates these dynamics as state-dependent
constraints, ensuring the safe and efficient transportation of
such packages.

Representing package safety constraints in Cartesian space
provides a more direct and interpretable formulation. For
example, one can directly bound the package’s maximum
lateral displacement, oscillatory amplitude relative to its
nominal vertical alignment, or swing angle. Conversely,
translating these constraints directly into joint space typically
results in highly nonlinear, complex relationships that are
challenging to enforce, interpret, and optimize.

Let the end-effector pose in Cartesian space be denoted as
p(t) = (x, y, z, rx, ry, rz). Our goal is to compute a time-
optimal trajectory for the end-effector, moving a deformable
package from an initial pose pstart to a desired final pose
pgoal. The trajectory must satisfy the following constraints:

1) Robot Kinematic Constraints:

∥ṗ(t)∥ ≤ vlim, ∥p̈(t)∥ ≤ alim,

where ṗ(t) and p̈(t) denote the velocity and accelera-
tion vectors of the end-effector, respectively; vlim and
alim represent the robot’s maximum allowable velocity
and acceleration. These constraints ensure the end-
effector operates within safe and achievable dynamic
limits.

2) Package Safety Constraint:

f(ṗ(t), p̈(t)) ≤ βmax,

restricting the induced sway or oscillations of the
deformable package within specified safety thresholds.
Here, f(·) represents a predictive function relating
end-effector motion to measurable oscillation charac-
teristics (e.g., angular deviation or lateral displace-
ment), and βmax defines the permissible maximum
oscillation. This function must capture effects induced
by changes in end-effector velocity and acceleration
while remaining continuous and differentiable. This
property is crucial for enabling gradient-based solvers
to efficiently find a feasible, locally optimal solution.

Formally, the problem can be posed as the following
constrained optimization:

min
p(·)

T subject to:

∥ṗ(t)∥ ≤ vlim,

∥p̈(t)∥ ≤ alim,

f(ṗ(t), p̈(t)) ≤ βmax,

p(0) = pstart, p(T ) = pgoal.



IV. APPROACH

Our approach integrates an empirically calibrated pendulum-
like oscillation model into a nonlinear Cartesian trajectory
optimizer to ensure safe, high-speed transport of deformable
packages. Figure 1 (in the Introduction) illustrated the mo-
tivation for these state-based constraints. The methodology
follows four main steps:

A. Constraint Model for Predicting Package Detachment
Risk
For small oscillation angles, we model the deformable pack-
age’s swing as a pendulum attached to the end-effector. The
static deflection of the package under a given horizontal ac-
celeration ai can be derived from simple pendulum physics:
the package will hang at an angle arctan(ai/g) (where g is
gravity). The lateral displacement of the package (swing) is:

Xm,i = ℓ sin
(
arctan

ai
g

)
= ℓ

ai√
g2 + a2i

,

where ℓ is the effective length of the pendulum (distance
from end-effector to package center of mass). This gives
the steady-state offset of the package under acceleration
ai. The package’s small oscillations about that offset can
be approximated by simple harmonic motion. The natural
frequency of the pendulum is:

ω =

√
g

ℓ
.

We divide the robot’s motion into two phases (e.g. accel-
erating and coasting). In each phase with roughly constant
acceleration, the oscillation can be described as a sinusoid.
We write the package sway X(t) during phase i as:

X(t) = Xm,i +Ai e
−ζ (t−ti) sin

[
ω
(
t− ti

)
+ ϕi

]
,

Here Xm,i is the steady deflection under the phase’s
acceleration ai. ζ is the damping coefficient. The constants
Ai and ϕi are the oscillation amplitude and phase at the
start of that phase (time ti), determined by initial conditions
(how much swing carried over from the previous phase). The
swing velocity is given by V (t) = Ẋ(t).

When the motion transitions to a new phase j (say, switch-
ing from acceleration to constant velocity), we compute
new initial conditions for the oscillation. Using continuity
of position and velocity at the transition, we update the
amplitude and phase for the next segment:

Aj =

√
X2

j +
(Vj

ω

)2
,

ϕj = 2 arctan

(
Xj

Aj ω + Vj

)
,

where Xj and Vj are the swing displacement and velocity
at the end of the previous phase (and start of the new phase).
This piecewise pendulum model allows the planner to predict
how the package will swing during each segment of the
trajectory given the robot’s acceleration profile.

B. Motion Capture Data Collection and Parameter Estima-
tion

To accurately characterize how deformable packages
swing under various accelerations, we followed a four-step
methodology as follows:

1) Controlled Acceleration Profiles:
We begin by subjecting a range of deformable pack-
ages to a set of known, piecewise constant-acceleration
motions under the robot’s end-effector. For each exper-
imental trial, the robot executes a simplified trajectory
(e.g., accelerating horizontally at a constant rate a for
a predetermined duration), then decelerating to a stop.

2) Tracking Swing and Oscillation: A motion capture
(MoCap) system tracks package oscillations by using
reflective markers placed around the package.

3) Parameter Fitting: The pendulum model (length ℓ,
damping factors, or equivalent terms) is derived by
matching observed oscillation dynamics. Specifically,
we fit the natural frequency ω =

√
g
ℓ so that the pre-

dicted swing angle under constant acceleration matches
the empirical amplitude measured by MoCap (refer to
IV-A).

4) Regressor: Real-world warehouses handle new items
with varying masses, dimensions. To generalize, we
employ Gaussian Process Regression (GPR):
Feature Set and Training Data: We define an input
feature vector xi for package i comprising:

xi =
[
mass, dimension, initial sagging

]
,

The target output yi is the fitted effective length ℓi. We
collect such {xi, ℓi} pairs from all trials, producing a
training set D = {(xi, ℓi)}Ni=1.
GPR Model and Kernel Selection: We use a Gaussian
Process prior

ℓ(x) ∼ GP
(
m(x), k(x,x′)

)
,

with a mean function m(·) (often taken as zero or
a linear function) and a covariance (kernel) function
k(·, ·). A common choice is the squared exponential
(RBF) kernel:

k(x,x′) = σ2 exp
(
− 1

2α2 ∥x− x′∥2
)
,

where σ2 is a signal variance and α is a length scale.
We learn these hyperparameters {σ2, α} by maximiz-
ing the log marginal likelihood of the data D.
Hyperparameter Tuning and Validation: To prevent
overfitting, we perform K-fold cross-validation (e.g.,
K = 5) on the training set. For each fold, we
temporarily remove a subset of packages, train on the
remainder, and evaluate RMSE on the held-out fold.
By iterating this process and comparing performance,
we find a kernel hyperparameter set that generalizes
well. We then retrain the GPR on the full dataset using
these optimal hyperparameters.



Predicting ℓ̂ for New Packages: At runtime, to esti-
mate ℓ for a new package with feature vector x∗, we
compute:

ℓ̂∗ = µ(x∗)± κ
√

Var
(
ℓ(x∗)

)
,

where µ(x∗) is the GPR mean prediction and
Var
(
ℓ(x∗)

)
is the predictive variance. In practice, we

may use mean-only estimate, i.e. ℓ̂∗ ≈ µ(x∗).
Once trained, for any new package with similar ma-
terials and geometry, we query the GPR with the
package features x to obtain ℓ̂. Our motion planner
then uses ℓ̂ in the pendulum-like dynamics (Section IV-
A) to compute swing angles and ensure constraint
satisfaction.

We now have a pendulum-like formulation that predicts
the package’s equilibrium deflection angle Xm,i for a given
horizontal acceleration ai, as well as its maximum swing
amplitude for typical acceleration phases.

C. Trajectory Optimization with Oscillation Constraints

Finally, we integrate the above models and constraints into
a trajectory optimization framework. We parameterize the
robot’s motion as a series of N segments with constant
accelerations (piecewise constant acceleration profile). The
decision variables in the optimizer include the duration of
each segment (si) and the acceleration. The objective is to
minimize the total transport time T .

We impose the following constraints in the optimization
(applied for each segment i and overall trajectory):

• The velocity change in segment i is related to acceler-
ation and time:

axi si = vxi+1 − vxi ,

where si is the duration of segment i (and similarly for
y/z axes if 3D).

• The position change over the segment accounts for
acceleration and any coasting time within the segment:

xi+1 − xi =
(vxi+1 + vxi

2

)
si + vxi+1 (td − si) .

(Here td is the total duration up to the end of segment
i, so if the segment doesn’t last the full duration due to
reaching a target velocity early, the remaining time is
coasting at final velocity vi+1.) At the start (i = 0), we
typically enforce:

vx0 = 0, x0 = xstart, vxN = 0 xN = xgoal

These equations enforce physically consistent motion
for the end-effector’s position x (and similarly for y, z,
and 3D rotation).

Oscillation safety constraint: We divide the robot’s
motion into N segments of piecewise-constant acceleration
ai. At the end of segment i, the package has a swing
displacement Xi and a swing velocity Vi. We then require
that

|Xi| ≤ βmax, for i = 1, . . . , N.

Here βmax is a predefined maximum allowable lateral
swing angle (or displacement) based on safety requirements
to avoid detachment.

To propagate from the end of segment i− 1 to the end of
segment i, we apply a pendulum-like model over the duration
si with constant acceleration ai. We define a function F
that encapsulates the pendulum’s solution under constant
acceleration for a time si as described in section IV-A.
Symbolically,(

Xi, Vi

)
= F

(
Xi−1, Vi−1, ai, si

)
.

This update ensures continuity of the swing state from one
segment to the next. If

∣∣Xi

∣∣ > βmax for some trial solution,
the optimizer must adjust ai or si to reduce the package’s
swing by the end of that segment. By only evaluating Xi

at these boundary points, we avoid a fully continuous-time
swing constraint. This is less conservative than enforcing
|X(t)| ≤ βmax at all times t, but it is considerably more
tractable computationally. Because the mapping F involves
trigonometric and exponential terms, the resulting constraints
are nonlinear. Standard NLP solvers can handle these for a
moderate number of segments N . In many industrial pick-
and-place tasks, 3–10 segments are enough to capture the
robot’s accelerate–coast phases. This keeps the optimization
dimension manageable while maintaining swing constraints
that reduce or eliminate detachment risk.

We formulate the above as a nonlinear optimization prob-
lem. The objective is to minimize T (total time). We solve
the resulting nonlinear trajectory optimization Sequential
Quadratic Programming (SQP) , implemented via the Knitro
solver. Knitro is a state-of-the-art nonlinear programming
solver that can handle large numbers of variables and con-
straints efficiently, provided the functions are smooth and
gradients are available. In our implementation, we supply
analytical gradients for the objective and constraint functions
(or use automatic differentiation) so that the solver can
reliably navigate the search space. The SQP algorithm works
by iteratively approximating the nonlinear problem as a
quadratic sub-problem: at each iteration, it linearizes the
constraints and approximates the objective by a quadratic,
then solves this QP to propose a search direction, and finally
performs a line search to update the solution. This process
repeats until convergence criteria are met. We configure
Knitro’s parameters to ensure that the solver finds such
a stationary point with high precision to obtain a locally
optimal trajectory that achieves a good trade-off between
speed and safety.

V. RESULTS

In this section, we systematically evaluate the proposed
motion planning framework under various scenarios designed
to (i) validate the model for predicting package detachment
risk, and (ii) demonstrate how incorporating the derived
constraint enables faster, yet safe, end-effector trajectories.



Fig. 2: Experimental setup featuring the ABB IRB 2600 165
robot with a suction gripper and MoCap tracking.

We first summarize the experimental setup and key metrics,
then present detailed comparisons to baselines, followed by
a series of ablation studies.

A. Experimental Setup

Cell Design: We conducted our experiments using an ABB
IRB 2600 165 industrial robot equipped with a suction
gripper powered by a vacuum pump. This gripper enables
stable attachment of deformable packages of varying sizes
and masses. The robot was programmed to follow prede-
fined trajectories using the ROS2 framework. To accurately
measure package oscillations, reflective patch markers were
strategically placed on the surface of each package. A motion
capture (MoCap) system tracked these markers in real-time at
240 Hz, providing precise oscillation measurements during
the robot’s motion. The experimental setup, including the
placement of infrared markers on the package surface, is
illustrated in Figure 2.
Package Specifications: In our study, we assume that the
contents within the packages are tightly packed to minimize
motion of the object inside the package. We make this
assumption to simplify how inertial loading triggers grip
failure. The packages used in our experiments vary in mass
and the distance between the package edge and the nearest
suction cup. The packaging material was the same for all
packages. Table I categorizes these packages based on these
properties.

Mass
Suction-cup package edge distance →

6.5 cm 9 cm 10.25 cm

Training Phase

620 g P1 P2 P3
1020 g P4 P5 P6
1410 g P7 P8 P9

Evaluation Phase
700 g P10 P11 P12

1200 g P13 P14 P15

TABLE I: Experimental package specifications categorized
by mass and suction-cup edge distance.

Fig. 3: Representative trajectory and acceleration profile used
for data collection.

B. Data Collection

To accurately identify the oscillation model parameters for
each package (e.g., effective pendulum length, damping
factors), we designed a series of three geometric-constrained
paths for the robot to follow. For each of these paths, we
applied three distinct constant-acceleration profiles. Figure 3
shows one of the trajectories.

We used the following trajectory variations:
• Geometric-Constrained Paths: Each of the three paths

is approximately 1.0–1.2 m in horizontal displacement
with a 0.3 m vertical move. The end-effector’s orienta-
tion remains within small angular deviations (±30◦) to
reflect typical pick-and-place motions. The paths were
chosen to cover short translational segments, gentle arcs,
and simple vertical lifts.

• Acceleration Profiles: Along each geometric path, the
robot executes three different constant-acceleration pro-
files. This variation elicits different dynamic responses
from the deformable packages, enabling us to capture
both minor oscillations and near-detachment scenarios.

• Repeated Runs: Each path-profile combination is re-
peated three times to reduce noise and outlier effects.
Across nine package types, this procedure results in 243
total experiments.

C. Parameter Estimation

Using the experiments where the end-effector’s orientation
remained near-vertical, we fitted a Gaussian Process Regres-
sion (GPR) model as outlined in Section IV-B. Figure 4
plots the lateral oscillations over time for three packages
(P3, P6, and P9) that share identical dimensions but differ
in mass (620 g, 1020 g, and 1410 g). Each subplot shows
the displacement of package from mean position in a fixed
trajectory.

A key observation is that the oscillation frequency tends to
increase as package mass increases. While a classical point-
mass pendulum model suggests that frequency is independent



Fig. 4: Measured lateral displacements of the leading and
trailing edges for three packages (P3, P6, and P9) that share
identical external dimensions but vary in mass. Each subplot
corresponds to the same end-effector trajectory. Notably,
heavier packages show higher oscillation frequencies and
more pronounced damping.

of mass, the real-world attachment and deformable packaging
introduce an effective pivot and stiffness that vary with
loading conditions. Here, lighter packages (e.g., P3) exhibit
lower frequency compared to heavier ones (e.g., P9). We also
note that heavier packages show more pronounced damping,
so that the amplitude of oscillation decays faster over time.
This can be seen in the bottom subplot for P9, where the
initial swings start out fairly large but then settle more
quickly relative to the total experiment duration.

From these experiments, we extract both the base pen-
dulum parameters (ℓ, ζ) for each package and train the
GPR on package-level descriptors (mass, dimensions). As
mass increases, the estimated ℓ and damping ζ often shift
accordingly, reflecting lower frequencies and higher energy
dissipation. In the next sections, we use these refined pa-
rameters in our trajectory planner’s oscillation constraints to
improve transport safety for both light and heavy deformable
packages.

D. Model Evaluation for Predicting Detachment Risk

A central objective of our work is to predict when a de-
formable package is at risk of detachment due to excessive
oscillations. We propose that the maximum oscillation angle
(or lateral swing) serves as a key indicator of detachment
risk, and we validate this hypothesis through a series of
controlled experiments.

We performed 25 motion trials, each combining different

velocities (up to 1.8 m/s) and accelerations (up to 4.0 m/s2).
For each trial, we recorded the maximum observed swing
angle via MoCap and noted whether a partial or full detach-
ment occurred. Table II groups these trials into angle buckets
and shows how often detachments occurred in each range.

Angle Range No Detach (Count) Detach (Count) % Success
< 8◦ 6/6 0/6 100%
8◦–16◦ 8/11 3/11 72%
> 16◦ 1/8 7/8 12.5%

TABLE II: Observed detachments across 25 trials, grouped
by maximum swing angle. Zero detachment occurred below
8◦, whereas most occurred above 16◦.

From Table II, trials with low peak angles (< 8◦) seldom
detached, while large swings (> 16◦) produced a signif-
icantly higher rate of failure. This strongly suggests that
bounding the maximum allowed swing angle is a viable way
to measure safety.

1) Threshold Analysis: To quantify how well a swing-
angle threshold θmax predicts detachment, we vary θmax

in the range 0–20◦ and classify each trial as “unsafe” if
its measured peak swing ≥ θmax. Table III summarizes
the corresponding True Positive Rate (TPR), False Positive
Rate (FPR), and overall Accuracy for four representative
thresholds: 8◦, 16◦, and 20◦. We compute these metrics
relative to the 10 actual detachments and 15 no-detach trials
shown in Table II.

Threshold (◦) TPR (%) FPR (%) Accuracy (%)
8 100 (10/10) 60 (9/15) 64 (16/25)
16 70 (7/10) 6.7 (1/15) 84 (21/25)
20 20 (2/10) 0 (0/15) 68 (17/25)

TABLE III: True Positive Rate (TPR), False Positive Rate
(FPR), and overall accuracy for various swing-angle thresh-
olds, evaluated across 25 motion trials. TPR represents the
fraction of actual detachments that were correctly predicted
as unsafe, while FPR is the fraction of safe trials that were
incorrectly flagged as unsafe.

We observe that lower thresholds (eg 8◦) yield a perfect
TPR but incur a high FPR; conversely, a very high threshold
(20◦) avoids false alarms but misses majority of detachment
events, resulting in low accuracy. A threshold of θmax = 16◦

provides a balanced outcome with an 84% overall accuracy.
From these results, we conclude that limiting the maximum
package swing to around 16◦ is a practical way to ensure
a high success rate while avoiding excessive false alarms.
This corroborates the earlier observation in Table II that large
swing angles (> 16◦) are highly correlated with detachment
events.

E. Comparative Evaluation of Trajectory Types

We evaluate our optimized trajectory against two baseline
approaches:

• Aggressive Trajectory: A near-time-optimal solution
that enforces only the robot’s velocity and accelera-



tion limits, ignoring package-swing constraints. This is
prone to large oscillations and possible detachment.

• Conservative Trajectory: A slowed, low-acceleration
approach that ensures that none of the packages de-
tach. While it avoids detachment, this method sacrifices
speed.

• Optimized Trajectory: Our method, which explicitly
incorporates the specified package’s oscillation con-
straints into the time-parameterized trajectory optimiza-
tion. It seeks minimal transport time while guaranteeing
swings θmax < 16◦).

F. Evaluation of Trajectory Optimization for Time Efficiency

To more systematically evaluate performance, we ran
each of the three trajectory types on six different paths
{τ1, . . . , τ6}, each representing a distinct combination of hor-
izontal/vertical displacements. Table IV reports the average
execution times over three trials per path for a 1.2kg package.
The optimized trajectory achieved an average time reduction
of 18.3% (standard deviation: 7.9%) compared to conser-
vative trajectories, while maintaining package oscillations
safety limits.

Path Aggressive (s) Conservative (s) Optimized (s)
τ1 0.8 2.6 2.4
τ2 0.8 2.7 1.9
τ3 1.2 3.2 2.5
τ4 0.9 2.8 2.3
τ5 1.6 4.1 3.2
τ6 1.4 2.7 2.4

TABLE IV: Execution times for three trajectory strategies
across six representative paths. The Aggressive approach is
fastest but prone to failures; Conservative never detaches
but is slowest; Optimized respects θmax = 16◦ and remains
significantly faster than Conservative while avoiding detach-
ments.

G. Computation Time vs. Number of Segments

In our piecewise-constant-acceleration framework, the size
of the NLP grows exponentially with N . Table V illustrates
this effect for a representative pick-and-place scenario using
an SQP-based solver (Knitro) on a desktop workstation (Intel
Core i7 12th Gen CPU @ 3.2 GHz).

N 2 3 4 5 6 7 8
Solve Time (s) 5 6 8 25 40 95 175

TABLE V: Solver times vs. the number of segments N

Despite the steep increase in solve time, small N (e.g. 2−5
segments) is often sufficient for most industrial pick-and-
place tasks (accelerate → coast → decelerate). Increasing N
may produce a slightly better solution (lower total motion
time) with increased computational cost.

VI. CONCLUSIONS

In this paper, we presented a motion-planning framework
explicitly designed to incorporate deformable-package oscil-
lation constraints into robot end-effector trajectory optimiza-
tion. Our approach integrates empirical system identification
of package-specific pendulum-like swing characteristics with
a Gaussian Process Regression (GPR) model to generalize
pendulum parameters across varying package masses and
dimensions. Additionally, we introduced a state-dependent
constraint enforcing a maximum allowable swing angle to
ensure transport safety.

Experimental evaluations in real-world conditions con-
firmed the effectiveness of bounding the maximum oscil-
lation angle (e.g., θmax = 16◦), reliably predicting and pre-
venting grip failures. An analysis across 25 distinct motion
trials identified a clear correlation between elevated swing
angles and increased likelihood of package detachment.
Comparative evaluations further demonstrated that aggressive
trajectories, while faster, were highly susceptible to de-
tachment, whereas conservative, low-acceleration trajectories
ensured safety at the expense of substantial slowdowns. In
contrast, our constrained optimization framework effectively
balanced this trade-off, achieving an 18% reduction in trans-
port time compared to conservative trajectories, all while
maintaining a 100% success rate.

The robustness of our proposed framework was validated
across a diverse range of package masses (620g to 1410g), ef-
fectively adapting to state-dependent conditions encountered
during transport. These findings provide strong evidence
that explicitly modeling oscillatory dynamics improves the
operational efficiency without compromising safety.

Future work will focus on further refining oscillation mod-
els to better capture deformable package behavior, and on
employing polynomial spline (e.g. cubic) trajectory formu-
lations in order to generate smooth, dynamically consistent
and safe trajectories.
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