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Abstract—For humans, dense bin packing heavily relies on
force perception. However, current robotic packing studies only
focus on the visual input or adopt auxiliary push-to-place ac-
tions to eliminate gaps, suffering from high time expenditure
and poor robustness. To address such limitations, we first in-
troduce a novel external force estimation method based on the
generalized momentum observer, which can avoid the influence
of joint acceleration noises and achieve real-time high-precision
monitoring. Second, to obtain compliant interaction and fine
robustness, an adaptive variable impedance policy is developed
to track dynamic motion and desired force, and compensate for
uncertainties. Meanwhile, we perform dissipativity analysis and
a virtual energy supply function is augmented to the system for
optimization, providing a solid foundation for stability. Third,
we propose an efficient packing methodology with three sub-
tasks by considering the distinct interaction and constraint
states in different areas. Our packing strategies eliminate the
need for subsequent auxiliary actions and are proven to enhance
efficiency. We perform quantitative evaluations to verify our
external force estimation method, conduct comparison studies
with current packing methods, and investigate the contribution
of our dissipativity-based adaptive controller. The superior re-
sults not only prove the robustness and efficiency of our pipeline,
but also pave the way for practical applications of packing.

Index Terms—Bin packing, impedance-force control, dissi-
pativity, momentum observer.

I. INTRODUCTION

With the advantages of high automation and intelligence,
robotic bin packing has attracted much interest in recent years
[17 [2]. However, efficient and robust bin packing is still dif-
ficult because of the inaccuracies in vision and control. To the
best of the authors’ knowledge, there are few attempts to de-
ploy bin packing solutions on real robots. The main challenge
is to build efficient and robust packing policies while consid-
ering errors and uncertainties [3]. Meanwhile, the robot should
properly react to the established interaction and avoid over-
shoots by adjusting the impedance parameters for compliance.

Extensive studies have been conducted on robotic bin
packing. Robot systems for picking and packing specific
items into the storage box have been proposed in the 2017
Amazon Robotics Challenge [4] [5]. Wang et al. [3] consider
the packing task for irregular objects as a planning problem
and present a constructive algorithm to search over the space
of item positions and orientations. Similarly, the researchers
[6] propose an offline bin packing algorithm by trying to
maximize the utilization of free spaces in-between objects.
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Subtask-I: Packing objects in corners of the bin
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(b) Subtask-II: Packing middle objects under narrow spaces

Fig. 1. The screenshots of dense packing for cuboid objects in each subtask.
We divide the problem into three subtasks and design efficient packing
strategies, which are deployed with the dissipativity-based adaptive controller.

By defining three key manipulation primitives, Shome et al.
[7] propose a complete pipeline for cubic objects and take
advantage of the environment and simple operations to achieve
dense packing. Moreover, some aided means such as push
actions [7] [8] [9] are studied to tightly place objects.

However, there remain some issues that limit the packing
performance. First, most previous methods only adopt visual
input to conduct packing while lacking external force per-
ception, which leads to poor accuracy. Meanwhile, it is
challenging to achieve high-precision real-time external force
monitoring with joint torques due to the joint acceleration
noise and the computational cost of the inversion of the robot
inertia matrix. Second, the robot should properly react to the
established contact and the control policy is desired to be
adjusted adaptively during the dynamic interaction. However,
these are always neglected by existing studies and result in
poor robustness. Third, some research requires subsequent
push-to-place actions after each object placement to correct
errors and ensure compactness, which is effective but suffers
from low efficiency. Dense and efficient packing policies that
have no need for auxiliary actions remain to be explored.

To conquer these limitations, we first introduce an external
force estimation method based on the generalized momentum
observer, which can merely adopt the joint states of the robot
to conduct real-time monitoring and achieve high accuracy.
Then, based on the estimated external force, we further pro-
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pose an adaptive impedance-force controller, which enables

the robot to rapidly track desired motion and properly react to

the established interaction. Meanwhile, the dissipativity analy-
sis provides a solid foundation for system stability and con-
ducts optimization with a virtual energy supply function.

Moreover, we propose a dense packing methodology to divide

this problem into three subtasks and design targeted strategies,

as shown in Fig. 1, which improves the packing efficiency
noticeably compared to conventional polices. Comprehensive
experiments have been conducted and quantitative results prove
that our proposed pipeline outperforms the existing methods
by a large margin. Moreover, our pipeline is also tested on
novel objects with different shapes and sizes, showing the
generalizability of our pipeline for practical applications.

The contributions of our paper can be summarized as:

1) We introduce a novel external force estimation method,
which is input with joint states and unaffected by acceler-
ation noises, achieving high-accuracy monitoring.

2) An adaptive impedance-force controller is developed to
achieve excellent performance in fine motion tracking and
robust interaction using dissipativity analysis, which op-
timizes our controller to ensure system stability.

3) We propose an efficient packing methodology to divide the
bin packing problem into three subtasks with designed
strategies. Our method eliminates the need for subsequent
auxiliary actions and significantly enhances efficiency.

4) The packing pipeline based on our controller and policies
achieves the state-of-the-art performance in real-world ro-
bot experiments with improved efficiency and robustness.

II.RELATED WORK

A. Bin Packing

Dense packing requires the objects to be placed in close
vicinity to each other in an ordered manner [10]. Most current
automatic packing deployments rely on using mechanical
parts like conveyor trays [11], which are designed for specific
products and difficult to modify or deploy. The robotic bin
packing demands high levels of accuracy and robustness from
the perception and the manipulation strategy. Some efforts
have been conducted in the Amazon Robotics Challenge [4]
[5][12], but the problem that how to perform dense packing is
not addressed in the proposed systems. Moreover, some re-
searchers [13] [14] consider the NP-hard bin packing problem
and focus on the problem of dense placement planning for a
set of objects into a container. However, the perception and
control strategies during packing are not discussed and there
are few attempts to deploy bin packing solutions on real ro-
bots. Researchers [7] propose a pipeline for solving such
packing tasks using RGB-D data and a robotic arm with a
vacuum-based end effector. Nerveless, the subsequent push
or pull actions are always desired after each placement for
compactness, suffering from high time cost. Considering
these, we propose an efficient and robust packing pipeline
that contains adaptive control and manipulation policies for
dense placement with vision and force perception.

B. Variable Impedance Control

The focus of variable impedance control is to adjust the
impedance parameters adaptively based on the interaction
with environments [15]. In recent years, many intelligent algo-
rithms such as the fuzzy neural network [16] [17], reinforce-
ment learning [18] [19] and learning control [20] have been

adopted to adjust controller parameters. Pei et al. [21] propose
to adjust the stiffness online based on the tracking error of the
trajectory. Duan et al. [22] introduce a variable impedance
controller to adapt environment stiffness uncertainties and
track the dynamic desired force. Zhang et al. [23] recover the
variable impedance policy from expert demonstrations with
inverse reinforcement learning. These approaches can achieve
fine motion and force tracking but there are always collisions
during the contact, leading to force overshoot. For this prob-
lem, Cao et al. [24] [25] propose to adjust the impedance
update rate and avoid the overshoot. However, these variable
impedance control algorithms lack stability analysis from the
mechanism perspective, leading to instability and inaccuracy
during manipulation. Meanwhile, it is difficult to explain
these unstable phenomena, and thus, researchers can only
resort to empirical parameter tuning for optimization. We fill
this gap with our dissipativity-based adaptive controller.

C. External Force Perception

External force perception is the basis of impedance control
and compliant interaction with environments [26] [27]. Some
researchers install the 6-axis force sensor between the robot
TCP and the end effector to measure the external force. Ding
et al. [28] adopt an OPTOFORCE F/T sensor to establish the
transferable dynamics model. Liu et al. [29] employ an ATI
Nano-43 sensor to provide force information for precision
assembly. These installed F/T sensors are effective while
increasing the cost of the robot system. For some collaborative
robots, the joint sensors can measure joint torques. However,
it is challenging to accurately estimate external force due to
the influence of joint acceleration noise. Meanwhile, the
computational cost of the inversion of the robot inertia matrix
makes it difficult to ensure real-time measurement. To address
the above problems, we propose a novel external force esti-
mation method based on the generalized momentum observer,
which avoids the inversion of the robot inertia matrix and
eliminates the need for an estimate of joint accelerations.

III. EXTERNAL FORCE ESTIMATION

We introduce a novel external force estimation method
based on the generalized momentum observer for accurate
monitoring. The dynamics for robots are described as follows:

M(q)§+C(g:9)q+8(@)=1+7,, (M
where r and r,, represent the joint and external torque, re-
spectively. ¢ denotes the actual joint position, M(q) is the
mass matrix, C(¢q,q) accounts for the centripetal and Coriolis
torques, and g(q) corresponds to the gravitational torques.

The generalized momentum p of the robot is defined as:

p=M(q)q ()
A basic property of the robot dynamics is the skew-
symmetry of matrix M(q)—2C(q,q), which means M(q) =
C(q.4)+C"(q,4) . Thus, we can obtain:
p=Mg)q+t+7,-C(q.9)9-8(q) 3)
=7+ Text + CT (‘I: q)q - g(q)

Based on the expression of the dynamics of p in (3), we

define the generalized momentum observer as:

p=t+r+C"(q.9)i- &) @)
And the residual equation is defined as:
i=K,(p-p) ®)
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where K, is the positive gain diagonal matrix of the observer.
The observer output r(¢) follows from integrating the (5):

— K| [ s [ s |
=K,[p()-p(0)- (6)
Ji(z+r € @ii-g@)ds |
where p=M(q)q , r(0)=0. When the estimated system
dynamics parameters M(q), C'(¢,4) and g(q) are equal to

the ground truths, the dynamic relationship between the ex-
ternal joint torque 7,, and r can be expressed as:

i =K,(h-b)
=K, [r+7,+C'g-g@)-(x+r+Cg-g@)] )
=K (Tm - )

Equation (7) can be regarded as a first-order system with
r asavariable and 7,, as an input. The transfer function is:

ext

rs) K,
7,,(s) s+K, ®)

When K, is set as large values, r converges to z,, ex-
ponentially and r ~7,,. Therefore, the external torque z,,
can be estimated by calculating r in (6), which avoids using
joint accelerations and the inversion of the robot inertia matrix.
This feature makes the momentum observer a kind of virtual

sensor for external torques acting along the robot structure.

IV. DISSIPATIVITY-BASED ADAPTIVE IMPEDANCE-FORCE
CONTROL DESIGN

To achieve fine robustness during packing, we propose the
dissipativity-based adaptive controller. The control law con-
sists of three components: one to follow the desired motion
with impedance characteristics, one to establish the desired
contact force for stable interaction, and finally one to opti-
mize the controller design using dissipativity-based stability
analysis. Therefore, the input torque can be described as:

T= +T T, )

tmp
where 7,,,, 7, and t,, are the input torques related to the
motion control, force control and dissipativity-based control
optimization, respectively, defined as follows.

A. Variable Impedance Control
Consider the dynamics model in the Cartesian space:

M(x)¥+C(x,x)x+G(x)=J "t +F,, (10)
where X, x and x are Cartesian acceleration, velocity and
position of the end effector, respectively; J is the Jacobian
matrix; 7, F,, represent the joint space motor torque input
and the external force, respectively. With the impedance con-
trol law, the robot will behave as a mass-spring-damping
system, which follows the dynamics equation:
M,(¥-X,)+B,(x-x,)+K,(x-x,)=F, (11)

where M,, B,, K, are the desired mass, damping and stiff-
ness matrices, x, is the desired trajectory. Considering (10)
and (11) with M, = M (x), the control law can be written as:

,mp =J" (B, X+K X+M(x)X, +C(x,x)x+G(x)) (12)
X=x,—-x

where ¥ and X are the tracking error and velocity error.

To enhance the robustness of robots in dynamic environ-
ments, we propose adaptation laws for the stiffness and
damping parameters. Considering the stiffness parameter, the
following adaptation law is applied:

. N2
K = K;[l—exp[—[x" 2 ] DHQ’
Xq

In such a way, the robot behavior is stiffer when starting
the tracking task, while becoming softer as soon as the refer-
ence pose X, is reached. K. , K. are design parameters
guiding the adaptation of the stiffness.

Considering the damping parameter, the following adap-
tation law is applied for the damping ratio:

. N2
W, =H exp —(xdjx] + I
Xa

The damping parameter can be further calculated by

=2hi\JK;M} . This way, the controlled robot behavior is
less damped when starting tracking (to achieve a faster closed
loop bandwidth), while becoming more damped as soon as the
reference pose is reached (to avoid force overshoots).

(13)

(14

B. Force Control

In our packing task, the manipulator generally establishes a
constant contact force “f, along the z-direction with envi-
ronments for stable performance. Thus, considering “f,, as
the external force along the z-direction, the force control law is:

0 ce T
T fic :JeTe(‘I)[ R, 03x3:| [O 0 A’fn ffrc:| (15)
eef}r(: = ee.f;l +kp eefat +ktj eefatdt +kd.fext (16)
oa =S =" Sou (17)

where Az “fs and “f., are the controller output and force
tracking error, k,, ks, k are PID gains. The variable Az is
to deactivate the force controller when the robot gets too far
from the desired motion. The logic behind this adaptation is to
prioritize the motion control because constant contact force is
not conducive to fast motion tracking when the tracking error
is too large. Thus, A4, is defined as:

. N2
R x;—x
ﬂ’frc = /Ifrc' - mfrc' [de (18)

where A;. >0 and m,. >0 (with A;. > m.) are parameters
guiding the adaptation law of the force control.

C. Dissipativity-based Stability Analysis and Optimization

This section conducts dissipativity-based stability analysis
for the control system and optimizes our adaptive imped-
ance-force controller with a virtual energy supply function.

Definition 1 [30]: A system is dissipative with respect to an
energy supply function s(u(?), y(¥)) if there exists a storage func-
tion V(x(¢)): R — R such that (0) =0, V(x) >0 for all x, and

V(e(T) =V (x(0) < [, s(u(t). y(0)dt (19)

for each input u(¢), output y(f), and T in the interval of ex-
istence of the solution x(%).

Theorem 1 [30]: A dissipative system described in Defi-
nition 1 can achieve the Lyapunov stability, if its supply
function s(u(?), y(¢)) satisfies:
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Fig. 2. (Left) Methodology for packing with different constraint and contact states. Reds represent the eight cubes in corners, blues denote the middle six cubes
with already packed objects on both sides, and the yellow one is the last cube to be inserted. The constraint surfaces are the reliable conditions to maintain
compactness, and the contact surfaces represent the directions of errors and contact with other objects. (Right) The initial configuration of the packing task.

5(0,0)=0, s(0,y)<0 (20)
At first, to analyze the stability of the current control sys-

tem (7 =17, + 7, ), we define the storage function as:

V(E(0), %)) =§fc<z)TM<x)fc(t)+§i(r)’ K, (x)%() (21)

Rewrite (21) in differential form:

& ¥ ME+ T K F M0F T RE @)

Considering (10), (12), and (15), we can obtain:
%/ = % VK, %% Bx-X (F,+J 1,)

For this system, the output variable y(f) can be defined as
y(O=[%" (), %" (1)]", and the input variable u(7) can be de-
scribed as u(f)=F,, +J 7. Thus, the energy supply func-
tion is given by s(u,y) = iTI'(dfc/Z -X'(F,, +J7T1'f,c) , and
then the energy inequality (19) can be satisfied. However,
based on Theorem I, it is obvious that s(0,y) = %' K,%/2
cannot always guarantee the Lyapunov stability, which leads
to the system potentially unstable.

To address this problem, we construct a dissipativity-based
control optimization term (24) to obtain the controller in (9)
with the proposed virtual energy supply function s,(g):

T A

-J x
Topt :L—Q.Sv(pv)
Il

(23)

24

o(1 T

where p,(¢) denotes the virtual dynamics as (26), and y
represents the dynamic parameter as (27).

~T 5 ~
x K,x

p(1)=— (26)

7
2p,(0)

U TS
1, if =x K,x>0
y= 27 @7
0, otherwise
In this case, the derivative of the new storage function V,,
with our supplemented control term 7z,,, can be derived as:
oV, 1=y e o 2r = = _
a” =T}/xTde—xTde—xT(Fex, +J Trf,c)
it
Meanwhile, the whole energy supply function s, (u,y)

with s,(p,) is expressed as (29), which satisfies s,,(0,)<0.
(29)

(28)

1=y ry ~ 2 _
Sw(ub y) zTyxTde_xT(Fexl +J TTfrc)

Therefore, considering (28) and (29), the conditions in
Definition 1 and Theorem 1 can be satisfied, and the whole
system with our controller (9) is dissipativity-based stable.

V.PACKING METHODOLOGY

In this section, we propose an efficient packing method-
ology that eliminates the need for subsequent push-to-place
actions. By considering the distinct interaction and constraint
states in different areas of the storage bin, we divide the
packing task into three subtasks, which are packing the first
objects in corners, packing the middle objects under narrow
spaces, and inserting the last object, as shown in Fig. 2.
Moreover, some visual algorithms are adopted for object
grasping and guiding the robot to desired positions.

A. Grasping and Preliminary Packing

For each object, a pre-defined grasp library (¢, ) is
established in object-centric manner. Once object pose @, is
obtained through the incorporated pose estimation algorithm
AAE [31], the corresponding collision-free manipulator pose
@, in the base frame for motion planning can be calculated:

@, <——{is _ pick _collisionless((¢,°,@ £).@,) = True} 30)
Moreover, we establish prior knowledge (4/,77) be-
tween the bin pose and the poses of objects to be packed based
on the packing order. In this case, the desired object pose ¥
for each preliminary placement in the base frame can be ob-
tained by calculating the bin pose 4; and the prior knowledge:
71{(_{(1'1[73},1/))3s(/?"{’s}/’{})sﬂ‘/}s ]E[l,l’l] (31)

where n represents the total number of objects to be packed.

B. Subtask-1: Packing the Objects in Corners

Subtask-I aims to pack the first objects in four corners.
However, there always exists a residual gap larger than the
thickness of the finger ¢ due to the contact of the gripper and
storage bin. Previous research adopts subsequent push actions
but suffers from high time expenditure. To address this issue,
we propose a packing strategy to achieve tight placement just
in one step, as presented in Fig. 3. The angle a can be cal-
culated based on the grasp depth d, the size of the object /
and the thickness of the gripper e:

a = /2 —arctan(g/({ — d)) (32)

We summarize the proposed method in Algorithm 1.
When the robot has been guided near the desired position,
first, the manipulator tilts around the end and moves down
along the z-direction. The constant force is simultaneously
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held for stability. Then, the manipulator moves towards the
x-direction of the storage bin until the object and bin are in
tight contact, which denotes that the external force in this
direction is greater than 5 N. Meanwhile, the rotation error
can be eliminated with the external torque about the z-axis.
Afterwards, the manipulator moves towards the y-direction,
and when the object also constructs tight contact with the bin
in this direction, the approach process is finished. Finally, the
manipulator rotates to narrow the gap with an angle «, and the
gripper opens to release the object. During the whole process,
the desired motion trajectory and force are tracked by our
adaptive impedance-force controller.

Algorithm 1: Strategy for packing objects in corners

1: Input: Six-dimension external force/torque Feyr , Tox
2: Tilt around the end

3: In every force control cycle S.:

4 If F> > 0 then

5: Maintain constant force with bin in the z-direction
6 If F < Feontac: then

7 The end of the robot moves along the x-axis

8 Maintain constant force in the x-direction

9 Eliminate rotation error by torque perception

10: else if Fx >= Feontaer & Fy < Feontact then

11: The end of the robot moves along the y-axis
12: else if )y >= Feontact & Fx >= Fontact then

13: Rotate for Minimizing the gap with angle a
14: Return Done

15: End if

16: End if

17: The Gripper releases object
18: The Manipulator withdraws from the bin

Approach Narrow Release Withdraw
(M @ 3) “
Fig. 3. lllustration of manipulation strategies in Subtask-1.
Expand Approach Rotate Insert
“-\
i ﬂ
()] ()] 3) )

Fig. 4. Illustration of manipulation strategies in Subtask-II.

C. Subtask-1I: Packing the Middle Objects

The first eight objects in four corners are compact with
each other after Subtask-I. However, potential errors may
lead to the middle space being narrower than the size of the
object, and it is difficult to insert the object directly. Consid-
ering the narrow spaces, we propose a dense packing strategy
as Subtask-II to pack the middle objects, as shown in Fig. 4.

At first, the manipulator tilts with an angle § and moves
vertically downward until it maintains constant force in the
z-direction. In this process, the object in hand will push the
objects on both sides to expand the middle space. Then, the
manipulator moves towards the constraint direction for tight

contact, which can be the surface of the storage bin or another
object. Then, the rotation error around the z-axis can be fur-
ther eliminated by torque perception. After that, the manipu-
lator rotates to horizontal and moves with a distance of A4,
calculated by the object size ¢ and the tilt angle S, as shown
in (33). Finally, the object will be inserted by small vibrations
once it aligns with the hole because of the constant force
applied in the z-direction.

A=/(1-cos f)

D. Subtask-111: Inserting the Last Object
Inserting the object into a limited space can be considered
as a peg-in-hole problem. For this problem, there is no gen-
eral solution to identify the contact state between the peg and
the hole. However, we humans can accurately locate the hole,
align and insert the peg into the hole, even with eyes closed,
as shown in Fig. 5. Inspired by the human assembly, we
propose a novel Tilt-Then-Move method that contains two
phases to address this problem, as summarized in Algorithm 2.
1 2 3 Iy
e rare

Fig. 5. Peg-in-hole demonstration by human.

(33)

When the robot is guided near the desired position, errors
in the x and y directions always coexist, meaning that at least
one corner of the object is within the hole, as shown in Fig.
1(c). First, we tilt the manipulator in the directions of four
corners of the object, respectively. During this process, we
compare the position of the end effector in the z-direction.
The position in the z-direction will decrease when the object’s
tip tilts into the hole. In this case, the contact state can be
roughly identified at first. During the moving phase, the
manipulator tilts towards the hole at first, and then moves in
the y-direction to fill the hole and confirms tight contact by
force perception, which also contributes to expanding the
potential narrow hole through push. Then, the manipulator
moves along the x-axis similarly until it confirms tight contact
in this direction. Finally, we could insert the object vertically
into the hole with the accurate contact state.

Algorithm 2: Strategy for inserting the last object

1: Input: Six-dimension external force/torque Fey , Texr »
current pose of the end effector {R, ¢}
2: Output: Contact state and Done
Phase 1: Identify the direction of the hole
3: Maintain Constant force in the z-direction
4: For Four directions of the object’s corners, do
S: Tilt the end effector
6: Measure the position of the end effector
7: Compare the position in the z-direction:
8 zie——{min(z1,2:,25,24,Z0)}
9: Return The direction of the Phase 2
Phase 2: Align and insert the object
10: In every force-controlled cycle S.:
11: If Fy < Feontact then

12: The end of the robot moves along the y-axis
13: Maintain constant force with bin in y-direction
14: else if ) >= Feontact & Fx < Feontact then

15: The end effector moves along the x-axis

16: else if /) >= Feontact & Fx >= Feontact then

17: Insert the object with small vibrations

18: Return Done

19:  The Gripper releases object
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VI. EXPERIMENTS

We conduct abundant experiments to evaluate the pro-
posed bin packing pipeline. Concretely, we test the accuracy
of our external force estimation algorithm, perform compar-
ison studies with the current packing methods, investigate the
performance of our proposed dissipativity-based imped-
ance-force controller, and then validate the generalizability
on novel objects with different shapes and sizes.

A. Experimental Setup

We conduct real-world packing experiments on a Franka
Emika robot with the Robotig-140 gripper. The robot is under
force control mode, and we send joint torque commands and

receive real-time joint states through the ROS topic mechanism.

Moreover, the joint torque commands are sent at 1000 Hz,
consistent with the computation cycle of our impedance-force
controller and proven to be stable. The packing task is ar-
ranged as follows: the robot places objects into a storage bin
for 5X3 grid configuration tightly. The size of the object is
5x5x5 cm, and the dimension of the bin is 26x16x10 cm.

B. Accuracy of External Force Estimation

Here we perform experiments to quantitatively evaluate
the accuracy of our external force estimation algorithm. A
standard ATI force sensor is employed under the contact
surface to measure the contact force as ground truth, as shown
in Fig. 6. The robotic arm performs a series of actions while
maintaining contact with the force sensor to sample rich force
information. The external force is both estimated by our ap-
proach and measured by the ATI sensor during this process.

f

P

Sponge for Protecting

ATI Force Sensor

to measure the contact force as ground truth for quantitative evaluation.

The experimental results are plotted in Fig. 7. We can
observe that the estimated external forces on three axes have
minor errors compared to the ground truth, proving the pre-
cision of our approach. Moreover, we adopt two metrics to
implement quantitative comparison: the mean absolute error
(MAE) and the mean absolute percentage error (MAPE). The
following results can be obtained from experiments:

1) The MAEs of force are 0.178 N on the x-axis, 0.156 N on
the y-axis, and 0.340 N on the z-axis;

2) The MAPEs of force are 5.92% on the x-axis, 3.60% on the
y-axis, and 6.05% on the z-axis;

3)Even under long-term dynamic testing, our method can
maintain high estimation accuracy within 6% error.

(a) Force sensing on the x-axis

== Ground Truth
~—— Estimated External Force

force (N)
Shbhbbblemnuwa

0 20 40 60 80 100 120
time (s)

(b) Force sensing on the y-axis

= Ground Truth
= Estimated External Force

force (N)
LI N N S

o
o
S

40 60 80 100 120
time (s)
(c) Force sensing on the z-axis

— Ground Truth

~— Estimated External Force

force (N)
L R E YRR

0 20 40 60 80 100 120
time (s)

Fig. 7. Force sensing data estimated by our generalized momentum observer
and measured by the standard force sensor (ground truth) on three axes.

C. Comparison with Current Packing Methods

Abundant real-world packing experiments are conducted
to compare our packing pipeline with current methods. Dur-
ing experiments, the improvements introduced by our method
are detailedly evaluated by comparison points in different
versions. Concretely, the approach only based on visual input
is considered as the baseline, and fifty groups of packing
experiments for each version are performed. The successful
placement for one object is defined as: the packed object does
not exceed 25% of the desired area’s volume. The number of
successfully packed objects and the consumed time by the
whole task are recorded, as shown in Fig. 8.

V1 - (Baseline) Grasping and packing by vision. The base-
line solely adopts visual algorithms for grasping and prelim-
inary packing, as described in Section V-A.

V2 - (Baseline + Auxiliary push actions) Based on V1, the
additional push actions are applied to eliminate residual gaps
and ensure compactness after each placement.

V3 - (Our methodology) Our bin packing pipeline with the
visual coarse localization and dense packing strategies using
our dissipativity-based impedance-force controller.

V4 - (Controller comparison) The latest passivity-based
impedance controller proposed in [32] is adopted to replace
our controller in V3 for comparison.

As shown, V1 exhibits poor accuracy and unstable per-
formance. The maximum number of successfully placed
objects is merely 6, indicating that the packing task cannot be
completed solely by vision. Meanwhile, the lack of tight
packing strategies makes it unable to ensure compactness. In
some cases, one improperly packed object may affect sub-
sequent manipulation and even disrupt the whole process. We
compute that the visual error &, is on average 1.2 cm in
translation and 0.6 rad in rotation with the method in [3].
Moreover, we can observe that the success rate of V2 is en-
hanced compared to V1 and the system sometimes can fulfill
successful placement for all objects, which proves the effec-
tiveness of auxiliary actions. However, these push-to-place
actions are always required after each placement, causing high
time expenditure and poor efficiency.

By applying packing strategies, V3 and V4 improve the
performance over V1 and V2. However, in our observation,
the manipulator with the controller in V4 occasionally collides
violently with the storage bin, leading to some unstable situa-
tions and even failure, which is also illustrated in Fig. 8 (Left).

4066



Vi V2 V3

Best
Maximum number of
successful placement

‘Worst
Minimum number of
successful placement

Average Number and Time in Packing Task

- 1000
B Number |
15 I Time (s)

800
14 13

600
400

200

Average Time to Complete Packing (s)

-0

V2 V4

Average Number of Successfully Placed Objects

V3
(Our Method)

Fig. 8. (Left) The final situation of each version in packing experiments, where every column represents a version. The top row represents the best results, while
the bottom row shows the worst results, according to the number of successfully placed objects shown below the figures. (Right) The blue and orange bars
represent the average number of successfully placed objects and the average time spent with each version.

100% |
90% -
80% -

70% -

Success Rate (%)

60% - | —=—V2
1| —4—v3
50% - | —e—va

T T T
100% 125% 150% 175% 200%
Error Factor (%)

T T
50% 75%

100%
90% -
80% -

® % 0

Success Rate (%)

60% - |—®— Subtask I
—— Subtask I
50% - |—4— Subtask III

T T T T T
100% 150% 200% 250% 300% 350% 400%
Error Factor (%)

Fig. 9. (a) Packing success rates under varying pose errors with different
methods. (b) Packing success rates in each subtask with V3.

In comparison, V3 with our adaptive controller shows more
reliable performance in rapid motion tracking and compliant
interaction. Compared with V1, our pipeline can accomplish
the whole packing task with great improvement in accuracy.
Meanwhile, benefiting from the proposed packing strategies,
the efficiency of V3 increases by 40% over V2, as shown in
Fig. 8 (Right), which is critical for such packing tasks.

D. Evaluation of Contact Force during Interaction

Compliant interaction is desired to ensure robustness and
prevent damage to objects in bin packing. Thus, we propose
the adaptive impedance-force controller. By adjusting the
impedance parameters, the robot can properly react to the
established interaction and avoid force overshoots. Mean-
while, the conducted dissipativity analysis helps optimize our
controller and ensures system stability. Here we examine the
performance of the proposed controller by measuring the
contact force during packing and compare it with the latest
variable impedance control algorithm [32].

We mount an ATI Mini45 force sensor between the robot
TCP and the gripper to measure the contact force by coordi-
nate transformation. The average and maximum contact
forces in different subtasks with V3 and V4 are measured and
recorded in Table I. Concretely, the average contact force
reflects the overall interaction performance, and the soft and
stable contact force is desired for this contact-rich task. The
maximum contact force is used to evaluate the robotic be-
havior when encountering obstacles, and excessive forces
may indicate potential safety issues. As shown, the interaction

process with our adaptive controller turns gentler compared to
the latest variable impedance controller, which means fewer
impact and safer contact. This proves that our dissipativi-
ty-based stability analysis and optimization are quite valuable
for the design of control policy. Moreover, it is also worth
noting that the advancements introduced by our adaptive
controller and packing strategies are not only reflected in
safety. These improvements also enhance the accuracy, ro-
bustness and efficiency, as reported in Section VI-C. For ex-
ample, V3 has refined robustness and success rate compared to
V4 and effectively improves the packing efficiency over V2.

TABLEI AVERAGE AND MAXIMUM CONTACT FORCES DURING PACKING

V3 V4
f
Contact force (N) I I I I I I
Average force 16.5 | 21.2 | 14.6 | 26.5 | 32.2 | 20.9
Maximum force 26.7 | 32.1 | 224 | 38.6 | 53.4 | 30.2

E. Performance under Varying Pose Errors

We further investigate the robustness of our packing
system under varying initial errors, which denote the devia-
tion between the preliminary poses guided by vision and the
desired packing poses. We adjust the initial error &;; with an
error factor and initialize the manipulator near the desired
packing pose with the predefined error:

&

i = €rror factor X £, (34)
When the error factor is 100%, the initial error is equal to
the visual error ¢,,,, , which is 1.2 ¢cm in translation and 0.6
rad in rotation, as measured in VI-C. A total of twenty groups
of packing experiments under different error factors are per-
formed for V2, V3 and V4. The success rate, which is denoted
by the percentage of objects successfully placed for each
version is recorded. Furthermore, the performance of our
pipeline V3 in each subtask is also assessed under a wider
margin of initial errors. These results are plotted in Fig. 9.
As shown in Fig. 9(a), as the error factor increases, the
success rates of V2 decrease rapidly, especially when the error
factor is larger than 100%. In comparison, V3 can maintain an
87% success rate even when the error factor comes to 200%,
which means high requirements for robustness. Meanwhile,
the comparison between V3 and V4 further indicates the
proposed adaptive impedance-force controller can improve
the interaction performance and enhance the packing accuracy.
Besides, as presented in Fig. 9(b), the pose error has a small
impact on Subtask-1 and Subtask-II but greatly influences
Subtask-III. We speculate that the pose error has a considera-
ble effect on the contact state identification, making it difficult
to locate the hole and even infer the wrong direction. Moreo-
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ver, the success rate of each subtask decreases rapidly when
the error factor is larger than 300%, indicating excessive pose
errors may lead to instability of the packing system.

F. Packing Multi-layer and Novel Objects

We perform our pipeline on a multi-layer packing task, as
shown in Fig. 10(a). A total of twenty groups of experiments
are conducted, and only one group fails due to the excessive
friction with the underlying objects. The results indicate that
the manipulation of placing the second layer beyond the first
plane is effective by running the same methods.

Moreover, to validate the applicability of our approach to
cylindrical and different-size objects, twenty groups of pack-
ing experiments are performed, as shown in Fig. 10(b). The
results prove that our pipeline is not restricted by shapes and
sizes, and can be directly applied with simple fine-tuning. The
average success rate of object tight placement is 86%.

(b)

Fig. 10. Results for packing multi-layer and novel objects.

VII. CONCLUSION

This paper presents an efficient and robust packing pipe-
line. The introduced generalized momentum observer avoids
the influence of joint acceleration noises and achieves high-
precision external force monitoring. Benefiting from the de-
veloped adaptive impedance-force controller, the robot can
achieve fine motion tracking and properly react to the estab-
lished interaction to enhance robustness. Then, the conducted
dissipative analysis reveals the stability mechanism of the
system and optimizes the controller with an augmented vir-
tual energy supply function. Moreover, the proposed packing
strategies in three subtasks eliminate the need for subsequent
auxiliary actions and effectively improve the packing effi-
ciency. Comprehensive experiments prove the proposed
packing pipeline with our dissipativity-based adaptive con-
troller and packing strategies outperforms the existing
methods. These performance gains prove our work is fruitful
for efficient and robust bin packing. Future work will explore
universal packing methods for more different-shape objects.
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