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Abstract— Suction cups are popular for picking and trans-
porting packages in warehouse applications. To maximize
throughput, high transport speeds are desired. Many packages
are deformable and may detach from the suction cups due
to inertial loading if trajectories use excessive velocities. This
paper introduces a novel methodology that analyzes package
deformation through its curvature at the package-suction cup
contact interface to generate a Factor-of-Safety (FOS) score for
each waypoint in a given trajectory. By maintaining the FOS
above a predetermined threshold, the trajectory planner is able
to generate transport trajectories that are both safe and time-
optimized. Experimental results show the method’s efficacy,
demonstrating a 21.92% reduction in transport times compared
to a conservative trajectory generation. Our FOS predictor
identified trajectories that ensured safe package transport with
100% accuracy across all 627 real-world experiments.

I. INTRODUCTION

In warehouse environments, pick-and-place of various pack-
ages is an essential activity. Automating these tasks is neces-
sary to keep these operations cost-effective. A popular option
to perform these tasks is using manipulators equipped with
suction cups [1]. These tasks encompass three fundamental
steps: item pickup, transport, and placement. The imperative
in these operations is optimizing transport speed to reduce
the overall cycle time and operational costs [2]. However,
transporting these goods at high speeds can lead to dropped
items due to the physical limitations of the suction system.
Therefore, any realistic warehouse pick-and-place operation
must balance speed and safety. Finding this balance is further
complicated because items are often packaged in deformable
packages with diverse masses and sizes.

While investigating prior studies on optimizing transport
operations, it’s clear that much focus has been on han-
dling rigid objects with suction cups [2], [3]. These studies
highlight that high accelerations or decelerations can cause
objects to detach from the suction cup due to inertial loading,
limiting the operational speed at a given permissible pres-
sure. This issue has been explored through both analytical
and finite element models (FEM) [4], providing reasonably
good insights, which will be discussed in detail in section
II. However, in our exploratory studies, we observed that
deformable packages detach at much lower velocities and
accelerations compared to their rigid counterparts, indicating
a need to predict detachment possibility during transport.
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Fig. 1: Handling rigid box (A) versus deformable package
(B) of fixed mass during a transport operation along prede-
fined robot trajectory using suction cups. Deformation in (B)
makes it more susceptible to detachment.

This is primarily because the interaction between suction
cups and deformable packages is markedly affected by
mutual deformation. This introduces new risks as the contact
area and the shape of the deformable package change. Fig
1 illustrates the differences in package and suction cup
interactions in rigid vs deformable packages.

Performing real-time FEM on deformable packages to
determine the failure conditions is impractical due to limited
information available upon package arrival. Therefore, we
aim to develop a computationally fast method that can
work with limited information. We designed an experimental
testbed to track package characteristics, such as its curvature
at the suction cup attachment interface, mass, and dimensions
(see Section III-B). This setup enables data collection on
package deformations and their effects on the likelihood of
detachment. Using this data, we designed a physics-informed
model that predicts package behavior during manipulation
based on its characteristics after pickup and consequently
predicts a Factor of Safety (FOS), a metric for assessing
the safety margins of transport trajectories against grip
failure (see Section IV). Based on the FOS, we generate
time-optimized and safe trajectories that prevent package
detachment from suction cups (see Section V).

Thus, the core contributions of our paper are as follows:

1) A new testbed for data collection to track the curvature
of deformable packages across different trajectories.

2) A multi-level, physics-informed model to (A) predict
the behavior of packages during manipulation and (B)
quantitatively predict the Factor of Safety (FOS) of
transport trajectories against potential detachment.

3) A trajectory planner for generating safe and time-
optimized trajectories based on the FOS.
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II. RELATED WORK

Recent advancements have begun to explore the complex-
ities of manipulating deformable objects. For instance, [5]
introduces SoftGym, a simulation benchmark for deformable
object manipulation that emphasizes the need for data-driven
methods. Furthermore, studies like [6] and [7] delve into
learning particle dynamics and intuitive physics for handling
various objects. Similarly, [8] and [9] focus on sim-to-real
reinforcement learning and other learning-based methods for
simulating and interacting with deformable objects. These
studies, while not requiring explicit modeling, underscore the
importance of realistic simulation environments and direct
learning from real-world interactions in tackling the complex
dynamics involved in manipulating deformable packages.

Work in [10] demonstrates the use of Goal-Conditioned
Transporter Networks for manipulating deformable objects
like cables, fabrics, and bags, extending the capabilities of
robotic manipulation to more complex and real-world appli-
cable tasks [11]–[13]. The manipulation of deformable pack-
ages, characterized by their variable curvatures and suscep-
tibility to deformation, introduces challenges not adequately
addressed by current models, highlighting a considerable gap
in research aimed at ensuring the successful manipulation of
deformable packages in transport operations [14].

In the context of trajectory planning, traditional algo-
rithms such as optimization-based planners like TrajOpt [15]
and CHOMP [16], and TOPP-RA [17] offer solutions for
time-optimal path planning. However, they fall short of
addressing the constraints associated with the suction cup-
object interface crucial for maintaining grasp stability. This
is particularly critical during high-speed maneuvers or abrupt
directional changes. Addressing the dynamic complexities
of object manipulation, recent advancements such as the
Grasp-Optimized Motion Planning (GOMP) framework [18]
and its subsequent iterations (GOMP-ST [3] and GOMP-
FIT [19]), alongside Pham et al.’s work [2], have introduced
constraints specifically designed for handling objects with
suction cups. However, these studies have primarily focused
on rigid objects. Therefore, the unique challenges posed
by the manipulation of deformable packages—namely, the
increased risks of peeling, slipping, and twisting—are still
not sufficiently mitigated by existing frameworks [14], high-
lighting the need for a safe package transport framework.

III. PROBLEM FORMULATION

A. Background and Terminology
Understanding the dynamic behavior of the package as it
is manipulated is fundamental to achieving our goal. We
conducted exploratory experiments to understand if this
dynamic behavior of the package could be understood based
on its inertial characteristics and its motion during manipu-
lation. Our experiments utilized packages with a uniformly
distributed rectangular mass within a deformable package, as
shown in Fig. 1(B). 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.

Fig. 2: Illustration of a deformable package during a suction-
based transport operation, highlighting key terminologies for
understanding package behavior. (A) demonstrates package
curvatures when the robot is stationary (a.k.a. static cur-
vatures). At time t = 0, when the TCP is parallel to the
horizontal plane, these are also referred to as initial static
curvatures. (B) shows the package at a trajectory waypoint at
time t, showcasing dynamic curvatures during manipulation.

The Factor of Safety (FOS), denoted as F , serves as a
quantitative indicator of the manipulation’s safety margin,
influenced by curvatures (see Section IV) at the suction
cup-package interface and the package’s inertial loading as
shown in Fig. 2. Preliminary experiments demonstrate that
larger curvatures and higher loading inversely affect the
likelihood of success. It is also observed that curvatures
along planes perpendicular to each edge of the package,
extending through the nearest suction cup (see fig. 2A),
are particularly important because they usually represent the
largest curvatures observed during manipulation. Similarly,
the package’s mass, which affects the inertial loading due to
the Tool Center Point (TCP) acceleration, and the amplitude
of package oscillation are critical factors to consider. For
example, a heavier mass with large swings results in a lower
FOS. Therefore, the Fj for j = 1 to 4, for each package-edge
j, is a function of package mass (m), oscillation amplitude
(A), interface curvature θj measured through the closest
suction cup from the package edge, and TCP acceleration
(aTCP ), expressed as Fj = f(θj , aTCP ,m,A).

The package’s curvature varies depending on its state of
motion. When attached to a stationary robot, the curvatures
observed are termed as static curvatures θs = {θsj} for
j = 1 to 4 as shown in fig. 2A. The static state provides
a baseline from which the effects of manipulation can be
measured. Specifically, the static curvatures when the TCP is
parallel to the horizontal plane are referred to as initial static
curvatures (θs(t = 0)), determined by the package’s packing
tightness, stiffness, and the pickup point location. The static
curvature at any waypoint at time t can be determined based
on the initial static curvature, TCP orientation (O), and
package characteristics, such as mass and dimensions (d),
expressed as θsj (t) = f(m, d, θsj (t = 0), O).

The dynamic curvatures (θ), which are essentially the
curvatures that change during the manipulation, emerge as
the package is moved. This change is influenced by the
package swing caused by the TCP motion. For any waypoint
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at time t in the trajectory, the dynamic curvatures along the
jth edge θj(t) can be modeled based on the static curvatures
at the waypoint θsj (t), the TCP’s acceleration (aTCP (t)), and
the package’s characteristics. Package characteristics such as
mass m and the distance between the edge of the package
and the closest suction cup used for curvature measurement
(lj) are crucial in predicting the dynamic curvatures. For
instance, a heavier mass with a larger suction cup-edge
distance will have different amplitudes of oscillations and,
consequently, different dynamic curvatures, expressed as
θj(t) = f(θsj (t), aTCP ,m, lj).

B. Robotic Cell Design

To investigate this problem, our experimental setup employs
a KUKA IIWA 7 manipulator with a suction system featuring
six suction cups operating at 25 psi, as depicted in Fig. 3.
This setup operates through two distinct phases as follows:
Training Phase: We use a high-fidelity OptiTrack motion
capture (MoCap) system to monitor the dynamic curvatures
of packages during the training phase. By attaching motion
capture markers directly to the packages, as illustrated in
Fig. 3, we achieve accurate curvature tracking at 240 Hz.
This data is used during the training phase. MoCap system
is not used during the execution phase.
Execution Phase: We used a depth camera-based system
during the execution phase to provide an estimation of
initial static curvatures. Our model then predicts dynamic
curvatures during manipulation informed by the initial static
curvature estimations. To estimate the mass of the package,
we utilize KUKA’s joint torque sensors.

Through this two-phased approach, we balance the need
for accurate and precise data collection in the model training
stage with the practicalities of real-world application.

Fig. 3: Experimental cell showing manipulator with a suction
gripper, used for package transport experiments during train-
ing and execution phases. MoCap cameras are not shown.

C. Problem Statement

FOS Predictor: Given a package characterized by known
mass, dimensions, and initial static curvature after pickup,
alongside the robot’s proposed trajectory, our objective is to
predict the FOS along each package edge at each waypoint in
the trajectory, i.e., Fj(t). This predictor should be based on
experimental data from various transport operations featuring

diverse packages and trajectories. The dataset includes both
successful and failed manipulations for model training and
evaluation. Section IV further details the approach.
Trajectory Planner: The Trajectory Planner receives start
and goal positions and package characteristics as inputs. It
aims to plan a time-optimized trajectory from start to goal
while ensuring that FOS along all package edges remains
above a specific safety threshold. The planner constructs
a trajectory as a sequence of timestamped waypoints from
robot-specific constraints. This trajectory then acts as an
initial trajectory for the optimization to meet package-
specific constraints, thus upholding the FOS threshold at
every waypoint. The approach of the Trajectory Planner is
presented in Section V.

IV. PREDICTING FOS FOR SUCTION FAILURE

Fig. 4 illustrates the pipeline for predicting FOS for a
proposed trajectory during a suction-based package transport
operation. This pipeline comprises three components: (1)
Model 1 forecasts static package curvatures at any given
TCP orientation using initial static curvatures recorded after
pickup, (2) Model 2 estimates package dynamics during
transport and, based on these dynamics, predicts dynamic
curvatures, and (3) Model 3 predicts the FOS at each
waypoint of a trajectory.

A. Model 1: Static Curvature Estimation

The approach involves two steps: (1) using a depth camera
to estimate the package’s initial static curvatures θsj (t = 0);
and (2) employing Model 1, represented as G, which takes
θsj (t = 0) and TCP orientations across a given trajectory qt
as inputs to predict the static curvatures θsj (t) at all times t
along the trajectory. These steps are detailed as follows:

Fig. 5: Extract curvature along vi from depth image

Estimate Initial Static Package Curvature: From a 3D
point-cloud P ∈ R3 representing the package surface Ps, we
extract the initial static curvatures θs1−4(t = 0). The vacuum
gripper’s grasp center is denoted as u ∈ R3. The distance
from the farthest edge of the suction cup to this grasping
center is dc, and the distance from the package’s edge to
the grasping center is df , as shown in Fig. reffig:pcd. To
specify the direction of curvature, we use a horizontal unit
vector vj ∈ R3 for each edge j of the package.

We isolate a subset of the package surface’s point-cloud
Pa along the direction of vj . The initial static curvature
θsj (t = 0) along vj is then estimated by performing a linear
regression on the horizontal component wi =

√
px2 + py2
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Fig. 4: The predictive pipeline for Factor of Safety (FOS) estimation consists of three interconnected models. Model 1
processes the initial depth image captured at the package-suction cup interface, extracting static curvature parameters. It then
forecasts the static curvatures throughout the trajectory by incorporating the TCP orientation at each waypoint. Model 2
builds on the static curvature data from Model 1, integrating trajectory characteristics (e.g., speed, acceleration) and package-
specific parameters (e.g., mass, dimensions) to predict dynamic curvatures caused by oscillatory motions during transport.
Model 3 combines these predicted dynamic curvatures with the oscillation amplitude estimated by Model 2, along with
lateral and axial load measurements, to compute the Factor of Safety (FOS) score at each waypoint.

and the vertical component hi = pz for each point p ∈ Pa

(see Fig. reffig:pcd). The relationship is expressed as:

H = k ·W +B, θsj = arctan(k) (1)

where H is the vertical component, W is the horizontal
component, k is the slope of the regression line, and B
is the y-intercept. The static curvature θsj is calculated as
k, providing a measure of how much the package surface
curves at that edge.
Estimate Static Curvature: To understand the variation of
static curvatures with TCP orientation, we use an analytical
model. This model considers the bending forces that act on
the suction cup due to gripper rotation taking into account
both the package deformation and the suction cup’s elastic
response. We model the deformable suction cup as an Euler-
Bernoulli beam M = −EI d2w

dx2 , where M is the bending
moment, EI is the flexural rigidity of the suction cup, w
is beam deflection, and dw/dx is the slope of the beam. A
suction gripper has fixed EI as the material property and
x represents a fixed distance to the point of application of
load at the end of the suction cup. Hence, under small-
angle approximation, where sinα

α ≈ 1, lateral load Ll is
proportional to α, the angle between the gripper and vertical
line. Thus, G can be further simplified to a proportional
function between α and the curvature change ∆θj of the
package (eq.2). θsj at each waypoint on the trajectory is
calculated as (eq.3).

G : ∆θj = κ · q (2)

θsj (t) = θsj (t = 0) +G(αi) (3)

B. Model 2: Dynamic Curvature Estimation

Deformable packages are usually bottom-heavy and behave
similarly to a driven pendulum during robot motion. Model
2 (D) takes trajectory as control input (U) and package
characteristics (X) as package state to predict the amplitude

(A) of the dynamic curvature θj change due to package
oscillation.

Fig. 6: Illustration of dynamic curvature

Accurately predicting dynamic curvatures at any given
time t can be challenging due to the chaotic oscillations ob-
served during package manipulation. Thus, Model 2 focuses
on predicting a geometric envelope over package oscillation
amplitude over time (see Fig. 6). This envelope represents
the maximum deviation from the static curvature θsj without
being affected by the oscillation phase. In this context, θ̂j
indicates the predicted dynamic curvature, where theˆsymbol
on top of θj specifies that it is a predicted value based on
the model’s calculations. The Hilbert transformation [20], a
mathematical tool used for signal processing, assists in esti-
mating A by analyzing the curvature data captured through
the MoCap system. This approach allows us to integrate the
estimated amplitude A with the static curvature θsj to model
the predicted dynamic curvature θ̂j as θ̂j = A+ θsj .

To accurately predict curvature in our system, we aim
to capture its underlying dynamics amidst external forces
and constraints. While a comprehensive dynamics model of
the package could achieve this, it may necessitate extensive
training data and be susceptible to noise in input data.
Our experimental findings indicate that dynamic curvature
correlates well with package oscillation amplitude and initial
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curvature, obviating the need for a full-fledged dynamics
model of the package. Thus, we opt for a simpler and more
efficient approach that can effectively capture the influence of
amplitude on curvature. We leverage the Sparse Identification
of Nonlinear Dynamics (SINDy) method, ideally suited for
nonlinear systems with noisy observations, to estimate the
amplitude of package oscillation reliably.

SINDy is a data-driven sparsity-promoting method to dis-
cover nonlinear dynamics of a system X under control input
U [21]. A sparse regression is performed on a library of can-
didate nonlinear term Θ(X,U) to identify significant active
terms in the dynamic system. SINDy is employed to discover
the non-linear amplitude dynamics A, resulting from robot
motion. We model the control term U from a segment of
gripper motion of length n, the state term X from the initially
obtained package characteristics. U is a set of n trajectory
waypoints represented by (x, y, z, α, β, γ) in SE(3), its 1st

and 2nd order derivatives, and the time gap between adjacent
waypoints. X includes package characteristics, like mass m,
distance to the edge lj , and θj(t = 0)(eq.4).

U[1×19·n] = [x y z ... α̈ β̈ γ̈ T ], X[1×4] = [m θj(t = 0) lj ]
(4)

To accommodate the system’s dynamic behavior, which
resembles that of a driven pendulum, sinusoidal terms and
quadratic terms are included in the library to address rotation
terms and combinations between X and U . The library
Θ(X,U) is constructed as (eq.5), X

⊗
U defines a vector

of all product combinations between X and U .

Θ(X,U) =[1T XT UT sin(X)T sin(U)T

(X
⊗

X)T ... (X
⊗

sin(X))T

... (sin(X)
⊗

sin(U))T ]

(5)

A sparse regression is employed to identify significant terms
in the prediction of envelope Â(eq.6). Ξ is the sparse
coefficient for the dynamic system, ξk is kth row of Ξ, λ
is the regulation parameter.

Â = ΞΘT (X,U)

ξk = argminξk

1

2
||Â− ξ̂θT (X,U)||22 + λ||ξ̂k||

(6)

C. Model 3: Factor of Safety Prediction

Model 3, represented by function F , takes lateral load Ll,
axial load La, A, and θj as input to predict the FOS at a
given waypoint. FOS is calculated as F =

Sy

Sw
, where Sy is

the system’s yield stress and Sw is the working stress [22].
Yield stress is the point where failure occurs, and working
stress is the stress the system withstands. From failure trials,
in which packages fall off the gripper, critical points Cf

chosen within time period T before the actual drop of the
package is used as sw of the system(eq. 7).

Cf = max(Ll, La, At, θj(t)) |t− tf | < T (7)

Create Synthetic Data and Proportional Function: Syn-
thetic data is generated from critical points on the verge

of failure, after which we generalize the FOS prediction
to non-critical regions using a proportional function. The
corresponding FOS is derived from a linear proportional
function P (C) = E · Cf with coefficient E. Pseudo F ′ =
P (Cf )/P (C ′). The coefficient E, essentially describes the
significance of each input term in C, is searched with
Bayesian optimizer [23], which minimizes the loss of an
expansive black-box function J. Function J is designed as a
GPR trainer trains on critical points combined with synthetic
data and evaluated on a test set with the loss function(eq. 8).
We use a sigmoid function σ to normalize the prediction of
FOS and a penalty term for false prediction.

Loss =

i∑
i∈TN

σ(Fi − 1)−
i∑

i∈TP

σ(Fi − 1)

+ λ(|FP |+ |FN |)

(8)

Compute Lateral Load and Axial Load: Pseudo load
(φ) is calculated from the tangential acceleration of gripper
TCP and weight of the package. Transverse load along (vj)
and axial load along the z-axis (i.e., the axial direction) of
vacuum gripper (va) are derived from φ(eq. 9).

Lt = φ · vj
La = φ · va φ ∈ R3 (9)

Construct a Gaussian Process Regression Based Model
Bayesian regressions based on Gaussian process are de-
scribed in [24]. For input/output pair xi, yi from distribution
S where xi ∈ RD, yi ∈ R, yi can be considered as a result
drawn from a zero-mean multi-variable Gaussian distribution
in GP. The Covariant matrix is a function that draws yi from
the distribution on the training set (eq. 10). In model3, GPR
computes FOS from x: Lt, La, At, θj(t) using the rational
quadratic kernel discussed in [25] to extend FOS to non-
critical points (eq. 11).

(x1 x2 ...|y1 y2 ...) ∼ N (0, Λ(S, S)) (10)

k(xi, xj) = (1 +
d(xi, xj)

2

2αl2
)−α (11)

V. TRAJECTORY OPTIMIZATION

The method for FOS-constraint-based trajectory optimization
is shown in Fig. 7. The optimization process has three steps:

1) Initial Trajectory Generation: We start by generating
an initial trajectory that adheres to the robot’s inherent
constraints, such as joint position, velocity, and accel-
eration limits. This trajectory serves as a preliminary
time-optimal trajectory from start to goal pose.

2) Safety Assessment: Each waypoint of the trajectory is
assessed using the predicted Factor of Safety for every
waypoint, indicating areas where the grip stability may
be compromised.

3) FOS-Based Trajectory Refinement: In case any way-
point violates FOS constraint, this trajectory serves as
initialization for a new trajectory optimization using
FOS constraint.
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Fig. 7: Constraint-Based Trajectory Optimization

This three-step process is followed to reduce computation
costs when an optimized trajectory search isn’t necessary,
such as for a lightweight package or a robot moving at a
conservative speed.

We use a direct MPC-based approach as discussed in
[3] for trajectory optimization. However, to integrate the
nonlinear FOS constraint into the optimization process, we
employ a gradient-based method for linearization, providing
necessary first-order approximations. Subsequently, we use
a Quadratic Programming (QP) formulation to solve for the
trajectories. We utilize CVXPY [26], [27] as the QP solver.

VI. RESULTS

A. Experimental Setup

For our experiments, we created a diverse set of deformable
packages for model training and evaluation. Table I shows
the packages’ characteristics and assigns them an ID for
referencing in later text.

Mass
Suction-cup package edge distance →

6.5 cm 9 cm 10.25 cm

Training Phase

1150 g P1 P2 P3
1277 g P4 P5 P6
1500 g P7 P8 P9
1800 g P10 - -

Evaluation Phase
1200 g P11 P12 P13
1400 g P14 P15 P16
1600 g P17 P18 P19

TABLE I: Characteristics of Packages Used in the Training
and Evaluation Phases of the Model: The table lists package
identifiers corresponding to each mass and suction cup-edge
distance. Fields left empty indicate that no experiment was
conducted for that specific parameter.

B. Individual Model Performance

We evaluated each model separately for predicting static and
dynamic curvatures and FOS.
Model 1 Evaluation: To test the impact of the change in
gripper orientation on the static curvatures of a package, we
rotated the gripper slowly to eliminate package oscillations
for collecting ground truth data. Specifically, we performed
rotations at increments of 15, 30, and 45 degrees to assess
how changes in gripper orientation affect the package’s static
curvature measurements. Data for this analysis was collected
across 105 trials involving nine different packages, yielding
a total of 429,951 data points. We allocated an 82/23 split

of this data for training and testing purposes, respectively.
Analysis of the collected data resulted in a proportional
coefficient k of 0.7465, demonstrating the model’s effective
representation of the relationship between gripper orientation
and static curvature. This was further substantiated by an
RMSE of 0.01455 on the radius in the test set, underscoring
the model’s predictive reliability (See Fig.8).

Fig. 8: Model 1 is able to predict static curvature with
uniform accuracy across various curvature

Model 2 Evaluation: To assess Model 2’s ability to pre-
dict dynamic curvatures influenced by gripper motion, we
conducted 127 experiments. These experiments utilized 58
unique pick-and-place trajectories, varying across four ori-
entation angles at the goal position and seven operational
speeds in both linear and circular motions, applied to nine
different packages.

From each experiment, we compiled all the frames leading
up to the moment of package detachment from the suction
cup, resulting in a total of 299,502 frames for analysis. For
training the SINDy component of Model 2, we set the model
parameter n = 5, thus including five sequential waypoints
with a 0.02-second interval between each for the control term
U . To ensure sequence continuity, the starting condition T0

was duplicated for the first waypoints in each sequence.
Model 2 was optimized using the AdamW optimizer, with

an initial learning rate of 1e-4. We applied a structured
learning rate decay strategy, reducing it by 10% every 400
epochs, and a batch size of 50 was chosen. The model’s
performance was evaluated based on Mean Squared Error
(MSE) and Mean Absolute Error (MAE) across training,
testing, and validation datasets, as detailed in Table II. SINDy
effectively identifies the package’s oscillation patterns based
on the gripper’s motion and the package’s characteristics.
Model 3 Evaluation: In examining package transportation
trajectories, we evaluated 627 experiments to pinpoint critical
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Train Test Validation
MSE 0.0012 0.0020 0.0015
MAE 0.0248 0.0331 0.0274

TABLE II: Model 2 evaluation results on all three datasets
perform consistently attributable to SINDy’s utilization of
sparse regression, which extracts underlying physical con-
nections between control variables and observed behaviors.

failure points. Specifically, we identified 89 trajectories near
the threshold between success and failure — termed ’critical
trajectories’ — where minor adjustments in speed could alter
the outcome. From these, we carefully selected 41 critical
points directly before a package drop for model training.
In contrast, data from 48 trajectories that narrowly avoided
failure were aggregated to refine our model through the
optimization of proportional coefficients for synthetic data,
achieving calibration values of [0.28, 1, 0.73, 1.04] for pa-
rameters [θ,A, Ll, La]. This enabled Model 3 to distinguish
between failed and successful executions by predicting a low
FOS for failures — with a mean FOS of 1.032 compared to
1.087 for successes. Implementing a conservative prediction
approach, with a safety threshold set at 1.06, our model accu-
rately identified all instances leading to failure, achieving an
F1 score of 0.81 as detailed in Table III. A lower threshold
of 1.05 is tested to have 3 false positive cases, and a higher
threshold of 1.07 is evaluated for a lower F1 score of 0.73.

Predicted Success Predicted Fail
Actual Success 53.9% 24.7%

Actual Fail 0% 21.3%

TABLE III: FOS threshold set to 1.06 achieving highest F1
of 0.81 and 0 false positive to ensure the safety.

C. Evaluation of Factor of Safety Prediction

To evaluate the FOS predictions by our concatenated model,
we conducted 270 new transport experiments with three
packages of varying mass and dimension to ensure diverse
testing conditions. For each package, we executed three
distinct trajectories and categorized them based on their
predicted FOS: ’safe’ (FOS > 1.06), ’risky’ (1.06 > FOS >
1), and ’failing’ (FOS < 1). To neutralize the impact of the
start and goal location on the results, each set of trajectories
was executed along three different paths (τ). Furthermore,
to assess safety, each trajectory execution was repeated 10
times to evaluate the probability of failure under each FOS
category. The outcomes of these experiments are compiled
in Table IV, demonstrating the model’s predictive accuracy.

D. Evaluation of Trajectory Optimization for Time Efficiency

In industrial robotic systems, conservative transport speeds
are established by uniformly restricting robot joint veloc-
ity and acceleration to the safest levels identified through
extensive testing across various object and suction cup
combinations. While this approach ensures no failure across
tested conditions, it results in sub-optimal performance,
as discussed in [2]. For our evaluation, we utilized path-
specific conservative trajectories. A path-specific conserva-
tive trajectory is determined experimentally such that it has

Package ID/Path ID FOS < 1 1<FOS< 1.06 FOS > 1.06)
P7 / τ3 0/10 4/10 10/10
P7 / τ4 1/10 5/10 10/10
P7 / τ6 0/10 1/10 10/10
P8 / τ3 0/10 3/10 10/10
P8 / τ4 2/10 9/10 10/10
P8 / τ6 0/10 3/10 10/10
P19 / τ3 1/10 6/10 10/10
P19 / τ4 1/10 6/10 10/10
P19 / τ6 1/10 5/10 10/10

TABLE IV: All trajectories deemed safe by the model (’FOS
> 1.06’) executed successfully, while 93.4% of trajectories
identified as failures (’FOS < 1’) resulted in package de-
tachment. The model reliably predicts both safe and unsafe
outcomes. Risky trajectories (’1 < FOS < 1.06’) exhibited un-
predictable results, indicating a chaotic region where success
is inconsistent, even with identical trajectories and packages.
Thus, our framework aims to steer planned trajectories into
the safe region with a high likelihood of success.

uniform joint velocities and accelerations and results in the
successful transport of all packages (i.e. P11-19) across a
given path. Optimized trajectories are those where the FOS
prediction for each waypoint exceeds the safety threshold
of 1.06. We conducted experiments with packages P11-19
across paths τ1−6 and compared time optimization for fast,
conservative, and optimized trajectories. Additionally, three
optimized trajectories were tested for each path to ensure
that successful operations were not by chance.

Path ID Fast(s) Conservative (s) Optimized (s)
τ1 1.28 1.64 1.36
τ2 0.89 0.93 0.91
τ3 0.95 1.23 1.11
τ4 0.85 2.85 1.73
τ5 1.05 12.28 6.42
τ6 0.91 1.16 0.98

TABLE V: Transport time comparison for fast, optimized,
and conservative trajectories. Gains in paths with orientation
changes (τ3−5) show our model’s effective optimization.

The optimized trajectory resulted in an average time
improvement of 21.92% with a standard deviation of 6.75%
against path-specific conservative trajectories. This improve-
ment was achieved by maintaining the safety threshold which
ensured that no packages were dropped during transport.

E. Ablation Study on Curvature
We conducted an ablation study on rigid objects and de-
formable packages with various curvatures to investigate the
influence of curvature on package transport. For each of the
three chosen packages, 20 experiments were conducted at
critical speed, and 5 additional experiments were conducted
on the same mass and rigid object with the same dimensions
for comparison. Packages were adjusted for packing tightness
between each run to create variance in curvature. Initial
static package curvature and the paired operation results were
captured for evaluation.

All experiments on rigid objects succeeded, whereas 48%
of experiments with deformable packages of the same mass
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failed. Table VI presents detailed results of curvature differ-
ences for all the deformable packages. These results indicate
that deformable packages and rigid objects require different
handling approaches, underscoring the significant impact of
package curvature on the outcome of each experiment.

PackageID/TrajID Success (rad) Fail (rad) P-value
P8 / τ4 0.29±0.049 0.40±0.007 6.45e-6
P7 / τ3 0.30±0.027 0.41±0.07 3.81e-4
P19 / τ6 0.34±0.018 0.42±0.013 1.63e-8

TABLE VI: Minimum curvature across v1−4 is selected. A
statistically significant P-value showed a large difference in
initial curvature between successful and failing execution
across all three experiment groups.

VII. CONCLUSIONS

In this study, we developed an approach to optimize robotic
transport operations in automated warehouses, focusing on
the dynamic interaction between suction-equipped manipu-
lators and deformable packages. By integrating a predictive
Factor-of-Safety (FOS) model with a trajectory planner,
we analyzed the package’s deformation through its curva-
ture at the suction cup-package interface. This enabled the
generation of trajectories that ensure both safety and time
efficiency by maintaining the FOS above a critical threshold.
Experimentally, our approach improved operational time
by 21.92% for handling deformable packages compared to
conservatively generated transport trajectories. Future work
will broaden our approach’s applicability by extending the
framework to handle packages with sliding contents and non-
uniform mass distribution. This study assumed a fixed suc-
tion system configuration (size, suction pressure, number of
suction cups) to isolate the effects of package curvature and
trajectory on the FOS. Future work will explore integrating
varying suction cup properties into the model for greater
generalizability. We also plan to enhance trajectory planning
by incorporating learning-based methods using historical
data for faster, more time-optimized trajectory generation.
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