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Abstract

This paper studies the container lifting phase of urban waste-container recycling task
with a hydraulic loader crane and an underactuated discharge unit. The task requires
accurate hook-ring alignment under tight geometric tolerances while suppressing oscilla-
tions of the suspended unit. To address this, we propose a residual reinforcement learning
framework that combines a nominal Cartesian controller for trajectory tracking and anti-
sway control with a learned residual policy for compensating unmodeled dynamics. The
residual policy is trained with PPO. Simulation results show improved tracking accuracy,
reduced oscillations, and higher lifting success than the nominal controller alone.
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1. Introduction

Container recycling, such as waste-glass and garbage collection, is an important task in
urban infrastructure. It is often performed using a truck-mounted hydraulic loader crane
equipped with an underactuated discharge unit. To lift and empty a container into the truck,
the crane must accurately engage small hooking rings attached to containers located above
or below ground level. This task is challenging because cranes are typically commanded
in joint space, successful hooking requires high TCP accuracy under tight tolerances, and
the underactuated discharge unit can oscillate during motion. Together, these factors make
operation physically and cognitively demanding, while the shortage of skilled operators
further motivates automation.

Automation of hydraulic machinery has attracted growing attention in robotics, with ap-
plications in construction, forestry, recycling, warehousing, and port operations [1-3]. Prior
work has studied hydraulic manipulation and lifting using model-based methods [4-6], as
well as integrated autonomous systems that combine perception, planning, and control [7].
More recently, reinforcement learning (RL) has been explored for hydraulic equipment, in-
cluding excavation and other dynamic manipulation tasks [8-10], as well as crane-like and
forestry systems with underactuated or suspended loads [11-14]. These studies demonstrate
adaptability and scalability, but most do not address accurate hooking under tight toler-
ances, where large-scale crane dynamics, structural compliance, and load oscillations play a
central role. Although high-precision manipulation has been extensively studied for indus-
trial robot arms [15], their methods do not transfer directly to hydraulic cranes because of
substantial differences in scale, actuation, and dynamics.

To address this gap, we propose a residual reinforcement learning (RRL) framework for
accurate container lifting. Residual RL combines a nominal controller with a learned residual
policy that compensates for modeling errors and disturbances [16-18|. In our setting, the
nominal Cartesian controller provides reliable trajectory tracking and swing suppression,
while the residual policy improves robustness and final positioning accuracy. This hybrid
design retains the stability and structure of model-based control while avoiding the difficulty
of learning the full task end to end from scratch.

This is a short paper. The full version of this paper can be found online [19].
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Figure 1. System overview. Left: crane kinematic model and task setup. Right: close-
ups illustrating tight hook-ring tolerances.

2. Methodology
2.1. System and Task

As shown in Fig. 1, the simulated platform in Isaac Lab [20] is a truck-mounted loader
crane with a fixed truck base and a 7-DoF crane (3 revolute, 4 prismatic). A discharge unit
is attached at the tool center point (TCP) and includes two actuated joints for container
rotation and hook opening/closing, as well as two unactuated revolute joints that capture the
underactuated swinging behavior of the tool. The container is equipped with hooking rings
and weighs between 100 and 700 kg. The task requires accurate TCP positioning to engage
the rings under tight geometric tolerances while suppressing oscillations of the underactuated
discharge unit. We assume that an external perception system provides accurate object
poses. A reference Cartesian TCP trajectory is generated from the initial TCP pose and
the sampled container pose, and divided into three phases: approach, horizontal alignment,
and lift.

2.2. Residual Reinforcement Learning Framework

As shown in Fig. 2, we adopt a residual reinforcement learning (RRL) framework. A nom-
inal controller provides stable baseline behavior, while a learned residual policy compensates
for unmodeled dynamics and improves final positioning accuracy.

Nominal controller. The nominal controller operates in Cartesian space and combines
three components: (1) an admittance controller for TCP trajectory tracking, (2) a pendulum-
inspired anti-sway term based on the discharge-unit swing state, and (3) damped least-
squares inverse kinematics to map desired TCP motion to crane joint velocities. The equa-
tions of the controller are provided in Appendix A.

Residual policy. The residual policy outputs a joint-velocity correction that is added to
the nominal action. Since precise alignment is most critical near the hooking stage, the
residual is applied only during the horizontal alignment phase, while the nominal controller
alone is used during approach and lifting. This design preserves reliable baseline behavior
and focuses learning on the most accuracy-critical part of the task.
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Figure 2. Overall control architecture. A nominal controller provides TCP tracking and
swing suppression, while a learned residual policy improves robustness and precision.

2.3. Policy Training

The residual policy is trained with PPO using skrl [21]. The observation includes crane
and discharge-unit states, reference trajectory information, and previous control actions
over a short time history, allowing the policy to capture system dynamics and controller
behavior. The action is a residual joint-velocity command for the crane.

The reward encourages accurate target tracking, adherence to the reference trajectory [13],
forward progress, low oscillation of the discharge unit, successful lifting, and smooth resid-
ual actions. Episodes are initialized by randomizing the container pose and the initial TCP
pose, from which a reference trajectory is generated. To improve robustness, we apply do-
main randomization to payload properties, passive-joint friction, actuator parameters, and
nominal-controller gains. Full definitions of rewards is given in Appendix B.

3. Experiments

All experiments are conducted in Isaac Lab. We evaluate the proposed residual reinforce-
ment learning (RRL) framework on the container lifting task with respect to four criteria:
TCP tracking accuracy, trajectory-tube adherence, swing suppression of the discharge unit,
and robustness to parameter variations. Test episodes are sampled symmetrically from
container poses on both sides of the truck workspace.

3.1. Trajectory Tracking and Swing Suppression

Figure 3 shows a representative lifting episode, including the reference and executed
TCP trajectories and the corresponding motion sequence. Figure 4 reports TCP tracking
error and trajectory-tube deviation for representative episodes. Higher tube adherence is
consistently associated with lower tracking error. At the lifting instant, the TCP error
remains below 0.04 m, which is sufficient for reliable hook engagement under tight geometric
tolerances.

Figure 5 shows the discharge-unit swing angle relative to gravity. Oscillations induced
during the motion are effectively damped before lifting. In four of the six representative
episodes, the swing angle at lift is below 2.5°, and all episodes remain within acceptable
limits. These results indicate that the proposed controller achieves accurate tracking while
maintaining low sway.
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Figure 3. Representative lifting episode: (a) reference vs. executed TCP trajectory; (b—
g) motion sequence.

3.2. Robustness to Parameter Variations

We further evaluate robustness under parameter settings outside the training randomiza-
tion range. During training, actuator gains, passive-joint damping, and nominal-controller
gains are randomized within a scale range of [0.5,1.5]. At test time, we evaluate three dis-
joint ranges: a softer regime (0.1-0.49), the training regime (0.5-1.5), and a stiffer regime
(1.51-2.0). Each setting is evaluated over 300 episodes. Detailed quantitative results are
provided in Appendix C.

The method performs best in the stiff regime, where reduced structural compliance im-
proves tracking and success rate. The soft regime is most challenging and leads to larger
tracking errors and lower tube adherence. Nevertheless, the policy remains functional even
under this mismatch, achieving a 47.3% lifting success rate. Overall, the results demonstrate
that the proposed RRL framework generalizes beyond the training conditions and remains
robust under substantial parameter variation.

4. Ablation Studies

We evaluate four controller variants: trajectory tracking only, trajectory tracking with
RRL, trajectory tracking with anti-swing control, and the full method combining anti-swing
control with RRL. For each RRL-based variant, the residual policy is retrained accordingly.
All variants are evaluated over 300 episodes. Detailed quantitative results are provided in
Appendix D.

The ablation study shows that both anti-swing control and RRL improve task perfor-
mance. Adding anti-swing control to the nominal controller increases the success rate from
57.3% to 71.3%, confirming its benefit for reducing oscillations. Adding RRL yields a larger
improvement: without anti-swing, success increases from 57.3% to 88.3%, and with anti-
swing, from 71.3% to 91.7%. Tracking-error differences across variants are relatively small,
indicating that coarse trajectory tracking is largely handled by the nominal controller, while
anti-swing control and residual learning mainly improve robustness, oscillation reduction,
and final task success.

Overall, the best performance is achieved by combining the model-based anti-swing con-
troller with residual reinforcement learning, showing that the two components provide com-
plementary benefits.



0.5 —— episode T 0.20
—— episode| 2
—— episode] 3
_ 04 — Distancg error (left) 015
= R S N N Distanc error (right) —_
= Ny —-- Tube defta (left) 010 E
S =+ Tube delta (right) o
o LYY g
o o Lo Lift poirft =2
- — 0.05 ©
3 W s
c o2 \ g
2 Y 0.00 "g
8 0.1 ,
\
: Y, —0.05
A
<
0.0 —0.10

0 200 400 600 800 1000 1200 1400
Time step

Figure 4. TCP tracking error and trajectory tube delta for representative episodes.
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Figure 5. Swing angle of the discharge unit relative to gravity over time.

5. Conclusion and Future Work

We presented a residual reinforcement learning approach for accurate container lifting
with a large-scale hydraulic loader crane and an underactuated discharge unit. By combining
a nominal Cartesian controller with anti-swing control and a learned residual policy, the
method improves tracking accuracy, reduces oscillations, and remains robust to parameter
variations in simulation.

Future work will incorporate more realistic hydraulic dynamics, reduce the sim-to-real
gap, and validate the approach on a real loader crane platform.
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Appendix A. Nominal Controller

The nominal controller combines Cartesian tracking, anti-swing compensation, and in-
verse kinematics. The Cartesian control law is

chd = Kp(‘rref - .’E) + Kv(vref - 'U) + Mdazya (Al)
with admittance dynamics
Mgig 4 Dgvg + Kq(xa — Tret) = Fema- (A.2)

To suppress swing of the underactuated discharge unit, we apply

kobo + ks
Ay = Ws | ko, + kb, | - ko(L) = Lw? — g, ku(L) = 2¢Lw,. (A.3)
0

The desired TCP velocity is mapped to joint velocities using damped least-squares inverse
kinematics:

"Ny = Jivg 4+ (I — I J) kns(qe — q). (A.4)

Appendix B. Residual Policy

Residual reinforcement learning augments the nominal action with a learned correction,
u = "y + "u, (B.1)

and the residual is applied only during the horizontal alignment phase. The policy is trained
with PPO. The reward at time step k is defined as a weighted sum of task-relevant compo-

nents,
R target coarse targct_ﬁne tube progress

k= C1Ty, + cary, + c37y, + cary,
4 CTr,zscillation +Cg’l“£fting —I-CQTZHIOOth, (B2)
where c¢; are scalar weights.
The reward terms are computed using the TCP position p;®, discharge unit position p{,
container position p§, and the current reference control point pref. The individual reward
components are defined as

target coarse
T -

1
- H’IELX(O7 dm,k — 0’)7

o

target fine dm,k
r, ~ —  =1—tanh( —— |,

o
P = W bubes = 0 A (B = pist )T (" = pisl 1) 2 0

A(p?p-pﬁwTKpﬁf—pﬁil)g(ﬂ,

T
arccos ( U 8 ) — Omax
h

oscillation ”rUk ||
Tk =1—tan ) )
max
m N
lifting c progress __ smooth __ res\2
Ty = I(z}; > 2min), Tk =M Tk == E (ak,i) )
=1

where

Ao = I = piPll2, T = pf — PP,



Appendix C. Robustness Results

Robustness is evaluated under parameter settings outside the training randomization
range. During training, actuator gains, passive-joint damping, and nominal-controller gains
are randomized within a scale range of [0.5,1.5]. At test time, we consider three disjoint
ranges: [0.1,0.49], [0.5,1.5], and [1.51,2.0]. Each setting is evaluated over 300 episodes.

Tracking Error(m) Swing Angle(deg)
Randomization Mean Std Mean Std Mean Std
Mean Std . R
[700,1200)  [700,1200) ~@lift  @lift [700,1200) [700,1200)
scale 0.1 0.49 0.147  0.087 0.103 0.127 3.096  3.555 6.271 5.166
scale 0.5 1.5 0.073  0.019 0.026 0.015 2.046  1.316 4.016 1.378
scale 1.51 2.0 0.049 0.008 0.014 0.004 2.584 1.641 4.544 1.414
Tube Delta(m) Success Rate
Randomization
M Std
Mean ~ Std ean 2> 05m
[700,1200)  [700,1200)
scale 0.1 0.49 0.089  0.050 0.114 0.077 47.3%
scale 0.5 1.5 0.140 0.015 0.174 0.015 90.0%
scale 1.51 2.0 0.158  0.008 0.187 0.004 92.3%

Table 1. Performance metrics aggregated over three randomization groups.

Appendix D. Ablation Results

We compare four controller variants: trajectory tracking only, trajectory tracking with
RRL, trajectory tracking with anti-swing control, and the full method combining anti-swing
control with RRL. Each variant is evaluated over 300 episodes.

Models Tracking Error(m) Swing Angle(deg)
Nominal Controller RRL Mean Std Mean Std Mean Std Mean Std
Traj. Tracking Anti-Swing [700,1200) [700,1200) @lift @lift [700,1200) [700,1200)

0.100 0.025 0.089 0.030  3.318 3.100 7.792 2.819

° - ° 0.071 0.018 0.021 0.014 2.361 1.520 4.355 1.533
. ) — 0.105 0.031 0.098 0.039 2.719 2.353 6.545 2.880
. ° ° 0.073 0.021 0.027 0.014 2.090 1.440 4.033 1.303
Models Tube Delta(m) Success Rate
Nominal Controll M Std
ominal LontroTe!  RRL Mean Std oo 2> 05m
Traj. Tracking Anti-Swing [700,1200) [700,1200)
. - — 0.110 0.023 0.111 0.030 57.3%
. — ° 0.140 0.014 0.179 0.014 88.3%
. ° 0.105 0.027 0.103 0.039 71.3%
. ) ° 0.139 0.016 0.173 0.014 91.7%

Table 2. Performance metrics aggregated over four controller variants.
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