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Abstract

Offshore operation causes the dynamic motion of offshore cranes and payload by the ocean environment. The motion of the payload
lowers the safety and efficiency of the work, which may increase the working time or cause accidents. Therefore, we design a control
method for the crane using artificial intelligence to minimize the heave motion of the payload. Herein, reinforcement learning (RL),
which calculates actions according to states, is applied. Furthermore, the deep deterministic policy gradient (DDPG) algorithm is used
because the actions need to be determined in a continuous state. In the DDPG algorithm, the state is defined as the motion of the
crane and speed of the wire rope, and the action is defined as the speed of the wire rope. In addition, the reward is calculated using
the motion of the payload. In this study, the heave motion of the payload was reduced by developing an agent suitable for adjusting
the length of the wire rope. The heave motion of the payload was compared in between the non-learning condition of the RL-based
control and proportional integral differential (PID) control; and an average payload reduction rate of 30% was observed under RL-based
control. The RL-based control performed better than the PID control under learned conditions.
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List of symbols

0: Weight of actor-network
a - Action att A Constraint force matrix
ar: Optimal action at t AL Learning rate
B: Replay buffer (repository of states, actions, and re- w: Weight of critic network

wards)

C(q) : Constraint matrix
Dimax : Maximum angle .
Diarget - Target angle 1. Introduction
E(Gtlst, ar): Probability mean of G for state and action 1.1. Background
F: External force matrix Many operations at sea often utilize offshore cranes to handle
G - Sum of rewards up to t ' heavy structures. During operation, offshore cranes and heavy
J@): Velocity transformation matrix structures move dynamically under the influence of the offshore
Kp: Proportional coefficient of PID control environment such as waves, winds, and currents; this is one of
K Integral coefficient of PID control the major factors hindering the safety of offshore operations.
Ka: Differential coefficient of PID control Therefore, marine operations are typically performed when the
L: Temporal .diffe1.rence error ocean environment is favorable. The crane control technique is a
M: Mass and inertia matrix . ) method that reduces the motion of offshore cranes and payloads
N: Three-dimensional transformation matrix to ensure safety. Depending on the crane control method, the dy-
P(s1]s0, ag) :  Probability of next state for state and action

namic motion of the payloads caused by the ocean environment

q: General‘ized coordinate matrix can be reduced. In addition, active heave compensation (AHC) is
Qs a): Q-learning toact when in a state used to reduce the motion of the payload. The AHC is a method
Re: Reward at time t of controlling the length of the wire rope to reduce the motion
St State at time t of hanging objects by analyzing the motion of the crane. However,
t: Time the AHC method has a limitation; it can only be applied to specific
yi Temporal difference target cranes.

v Depreciation rate In this study, the control effect and possibility were analyzed
€: Exploration noise

by applying reinforcement learning (RL)-based control to off-
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Main crane

Figure 1: Operation configuration using dual cranes.

shore cranes. As shown in Fig. 1, we present a crane control
method using RL to reduce the movement of the payload. The
proposed crane control method is tested wherein the payload is
suspended from two facing offshore cranes in an ocean environ-
ment. In addition, we performed comparisons with usually used
proportional integral differential (PID) controls to evaluate control
methods.

1.2. Related works

Zanjani and Mobayen (2022) studied the offshore cranes that
moved containers into the sea and suggested a control method to
minimize the motion of the offshore cranes; the control method
was global sliding mode control (SMC). Furthermore, the crane
was analyzed using kinematics to minimize motion. Li et al. (2020)
presented a dual-loop controller of active disturbance rejection
control-equivalent saturation model predictive control to solve
problems such as the non-operable area of the existing AHC and
correction of the non-linear characteristics of the hydraulic motor
system. Liu et al. (2018) used fuzzy PID control as a crane control
method considering the ocean environment, improved the exist-
ing fuzzy PID control algorithm, and reduced the motion of ob-
jects owing to waves using their proposed crane control. In addi-
tion, they performed a model test and compared the test results
with simulation results. Chu et al. (2020) used a neural network
algorithm to predict the movement of a ship and subsequently
improved the AHC for offshore crane operations. Their algorithm
was developed as a virtual prototype, and the prediction of the
motion of the ship was learned and reflected in crane work in
a virtual environment. Richter et al. (2017) present a comprehen-
sive AHC approach proposing estimation, prediction, and control
methods. The posture is estimated using the sensor and the com-
pensation value is predicted based on the Levinson recursive least
squares algorithm. Woodacre et al. (2015) provide the most com-
mon motion operation method with details on passive heave com-
pensation (PHC), AHC, hybrid AHC-PHC systems, and wave syn-
chronization systems. Zinage and Somayajula (2020) applied var-
ious controls such as proportional-derivative control, model pre-
dictive control, linear quadratic integral control, and SMC to con-
figure effective AHC. The performance of the controllers is com-
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Sub crane

pared with respect to heave compensation, disturbance rejection,
and noise attenuation.

Recently, control methods using RL have been studied, and RL
algorithms have been developed and verified using games (Lilli-
crap et al., 2015). In addition to the gaming sector, RL algorithms
are applied and used in robotics (Gu et al., 2017), natural language
processing (Sharma & Kaushik, 2017), computer vision (Yun et al.,
2017), transportation (Farazi et al., 2020), finance (Mosavi et al.,
2015), and healthcare; and they have a great potential in a variety
of areas (Liu et al., 2017). Yang et al. (2021) applied neural adap-
tive control to a 4-degrees of fredom (DOF) tower crane. Rigatos et
al. (2022) proposed a non-linear optimal control approach for the
dynamic model of the 4-DOF underactuated tower crane. Kim et
al. (2022) proposed an adaptive predictive anti-swing control law
using an empirical model after converting a data-driven model to
a state space form.

Wu et al. (2018) applied the deep deterministic policy gradient
(DDPG) algorithm to stably control the gait of a biped robot and
confirmed that it effectively controlled the fall of the robot in
various initial states of the biped robot. Andersson et al. (2021)
applied RL control to increase the energy efficiency of crane
operation of forestry machinery. Maamoun (2022) presented an
optimal control system for actuators of offshore cranes using the
Q-learning algorithm. Sierra-Garcia et al. (2022) applied RL to the
pitch control of wind turbines. Because the energy productivity of
wind power generators varies greatly with pitch control, optimal
control is required. Also, considering the disadvantages of RL,
pitch control was performed by combining an RL-based controller
and PID regulator.

In addition, Chun et al. (2022) proposed a control method for
determining static equilibrium and a deep RL-based method for
block lifting for a crane control method that occurs during block
assembly in a shipyard. Cho et al. (2022) applied scheduling opti-
mization through RL to improve the productivity of block assem-
bly lines in shipyards.

2. Crane Control Method Based on RL

Offshore cranes may cause dynamic motion owing to the ocean
environment; this dynamic motion may reduce the safety of
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Figure 2: Comparison of control methods.

installation work or make installation difficult. Therefore, off-
shore operations require control to minimize the movement of the
payloads in the ocean environment. Previous studies have been
conducted to find solutions for specific purposes, e.g., the AHC can
change the length of the wire rope to reduce the heave motion,
control the ramp section to allow smooth movement, and control
anti-sway to reduce sway motion.

In this study, an AHC was constructed based on RL, as shown in
Fig. 2a. Control using RL can be applied to various scenarios and
ocean environments by employing the learned data. However, if
the installation equipment, object, and connection methods are
changed, learning must be repeated.

2.1. Control method comparison

Here, Fig. 2 shows a comparison between the PID control and the
control using RL. Both control methods require the determination
of equipment and payloads. For PID control, we input a random
coefficient and evaluate whether it is appropriate. If it is not ap-
propriate, the optimal PID coefficient must be determined through
iterative work (Johnson & Moradi, 2005). Contrastingly, in the con-
trol using RL, the state, action; and reward are defined, and when
learning is performed, the algorithm determines an appropriate
policy. A policy means a weight between layers in machine learn-
ing, and the policy is determined through learning.

In the case of PID control, an appropriate PID coefficient can
be found through manual iterative work or optimization method.
However, there is no evaluation target. Moreover, it cannot be de-
termined whether the chosen PID coefficient is optimal; essen-
tially, it is difficult to determine the optimal PID coefficient. Fur-
thermore, if the operation conditions change, it is necessary to
determine the corresponding optimal PID coefficient again. Artifi-
cial intelligence uses algorithms to perform tasks efficiently and
therefore achieves effective results. The algorithm learns and de-
termines an appropriate policy that matches the state, action, and
reward conditions. In the future, it is expected that control using
RL will be possible in various fields by expanding the scope of ap-
plication of the algorithm.

2.2. DDPG algorithm

Through learning, agents in RL can interact with the environment
by selecting actions and observing states and rewards without any
knowledge of the kinematics. The ultimate goal of RL is to receive
maximum reward; to achieve this, an action that maximizes Q
must be selected, as shown in Equation (1). The expected value
of the reward obtained when performing an action in the current
state can be expressed by Equation (2), and the overall reward can
be defined by Equation (3):

af = argrr}zaxQ(St, ar) (1)
Q(st.at) =E (Gelst. ar) )
Ge=2 " yResi- G

i=0

Table 1 lists the DDPG algorithm (Gao et al., 2020; Lillicrap et al.,
2015; Zinage & Somayajula, 2021). The algorithm initializes the
actor, critic, target actor, target critic, and replay buffer. Next, it
receives the state from the environment and accordingly deter-
mines the policy action. Subsequently, noise (Uhlenbeck and Orn-
stein, 1930) is added to the action to obtain a better reward. Thus,
it performs actions in the environment, receives rewards in the
next state, and stores them in the replay buffer. When a certain
amount of data is accumulated in the replay buffer, the data are
extracted according to the batch size and learningis performed by
the mean square error method. And the actor and critic networks
learn and update each target network.

3. RL Configuration
3.1. Dynamic analysis conditions

To compare the control methods, pipe installation operation us-
ing 160 and 150 ton crane barge was selected. The offshore crane
was modeled as a multibody composed of several rigid bodies and
joints as shown in Fig. 3, and hydrodynamic force (Seo et al., 2018)
and mooring force (Bae et al., 2021) were considered as external
forces. Multibody system equations of motion should be applied to
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Table 1: DDPG algorithm.
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1: Randomly initialize actor (a) and critic (Q) with weights 6 and w
2: Initialize target network a~ and Q- with weights = and w~

3: Initialize replay buffer B

4: for episode = 1, M do

S: Initialize a random process e for action exploration

6: Receive initial observation state s;

7: fort=1Tdo

8: Select action ay: + €: (e; is exploration noise)

9 Execute action at and observe reward R; and new state s¢,q

10: Store transition (si, ar, Rt, St1) in B

11: Sample a random minibatch of N transitions (s;, a;. Rj, si.q) from B

12: Sety; = Ri + v Qu- (Si+1, o-i1)
13: Update critic by minimizing the loss:
N
L= 13 (Qulsi aes) —yi)°
i=1
14: Update the actor policy using the sampled policy gradient:
o0
Vs =
e EE}SD,SLSZ,---.SZ P(st|St—1, Qg,t—1)dS0, 51,52, -+ , St
15: Update the target networks:
07 «— (1 — A]_)07 + A0 W« (1 - AL)w* +ALw
16: end for
17: end for

Voot Va,, Q(St. ag.t)P(S0)P(s11S0, A,0)P(S281, Gg.1) - - -

Mooring Line
Hoisting Wire

Main crane

Figure 3: Construction of multibody system for dual crane operation.

objects that are connected to multiple rigid bodies with joints and
wire ropes, and analysis was performed using the augmented for-
mulation as in Equation (4) among many multibody system equa-
tions of motion (Cha et al,, 2012; Shabana, 1994; Shabana, 2005).

M(q)q+Cg(@r=F(q.q) -k(q.9) @

Sub crane

3.2. Analysis system configuration
Simulation and RL were developed in different languages, the data
were exchanged between the two languages using data communi-
cation, and the data input/output were defined as shown in Fig. 4.
When initialization is in progress in the simulation system, the
analysis initial information is sent to the RL, and the RL creates an
agent based on the analysis initial information. At the same time,
the simulation system calculates the static analysis and sends the
calculated value back to the RL. When RL calculates an action that
matches the policy and passes it to the simulation, the simulation
performs an analysis that reflects the control. The simulation re-
sult (6 degree of freedom) is sent to the RL, and the RL performs
learning with state, action, reward, and new state. When the sim-
ulation is finished during iteration, the analysis system initializes
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Figure 4: Configuration of data flow.
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Control

Figure 5: Configuration of parallel crane and agent.

and performs re-analysis, and the RL proceeds with learning ac-
cording to the analysis system.

3.3. Definition of state, action, and reward

Defining precise goals and rewards improves learning effective-
ness. As for the learning condition, the cases of lifting, stop-

(b)

ping, and lowering the payload were divided, and learning was
performed individually. There are 18 items for status and two
items for action, as follows:

(i) State: (payload)heave, heave velocity, pitch, and pitch veloc-
ity; (main crane) roll, roll velocity, pitch, pitch velocity, yaw,
and yaw velocity; (sub-crane) roll, roll velocity, pitch, pitch
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Figure 6: Change of score according to episode.

velocity, yaw, and yaw velocity; (main crane) speed of wire
rope; and (sub-crane) speed of wire rope.

(ii) Action: (main crane) speed of wire rope and (sub-crane)
speed of wire rope.

The configuration of the main crane, sub-crane, and payload is
shown in Fig. 1. The state and action consist of data and min-
imum items that can be acquired for the application to actual
cranes. Policy of RL determines the action of receiving a high re-
ward; therefore, it is important to define the reward function. The
reward is a value between 0 and 1, and the difference between the
target value and current value is calculated using Equation (5).
Since the reward consists of several sums, it is difficult to know
the exact previous state with the motion of the crane and the ob-
ject, so an action is added to the state.

o~ |x—Drarget| _ o~ Drmax

R ——7—(5.— ©

Where x is the current motion, Drarge: i the target motion, and
Drax i1s the maximum motion. When the maximum value is large,
it tends to fail to converge, and when the maximum value is small,
it may be difficult to proceed with learning. Therefore, in this
study, the maximum motion was defined as 1.2 times the ampli-
tude of the motion or velocity.

The reward function is composed of heave motion, pitch mo-
tion, and heave velocity. The reward function is composed of heave
motion, pitch motion, and heave velocity. The total reward is cal-
culated as the sum of the ratio of heave motion (50%), pitch mo-
tion (20%), and heave velocity (30%), as shown in Equation (6):

Riotal = 0.5 Rpeave +0.2 Rpitch + 0.3 Rpeave velocity - (6)

3.4. Learning conditions

Figure 5a shows a case where a crane is connected to perform one
operation. In this case, one controller should control two cranes

at the same time. If the reward is specified, learning is difficult;
however, it can be applied to various environments. Conversely,
if the reward is set comprehensively, learning is easy but difficult
to apply to various environments. As shown in Fig. 5b, one agent
trained with one target, so three agents are required for stopping,
winding, and unwinding.

To adapt the learned data to various ocean environments, three
wave loads were superimposed. The wave load used was an irreg-
ular wave; its spectrum was Pierson Moskowitz spectrum, wave
height was 1 m, period was 4 s, and directions were 0, 45, and
90°. In the initial state, the payload was suspended in a position
wherein the two crane barges faced each other. A wave load was
created for 0-20 s and training was performed to reduce the heave
motion for 20-60 s.

Subsequently, RL was learned by repeating 1000 times; the nu-
merical analysis time interval was 0.01 s, control time interval was
0.1s,and numerical analysis time was 60 s. Because the algorithm
adds noise to the behavior during training, the reward is not con-
stant; and the policy with the maximum reward is used. Therefore,
as shown in Fig. 6, the maximum reward converges after about 500
times; however, 1000 times were performed to determine a better
condition. In addition, the analysis time interval was set to 0.01 s
using the numerical analysis method, and the control time inter-
val was set to 0.1 s to apply to the actual crane.

4. Comparison of the Results of the Two
Controls

To compare the control method, this study was compared with
the commonly used PID control. The coefficient was selected as a
value with a large decrease in motion through several iterations.
As a result, the PID coefficients were set to 0.125 for Kp, 0.0001
for K;, and 0.0045 for K4. Both controls were set under the same
conditions and tested in various environments.
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Figure 7: Heave motion by period and wave height.

4.1. Control to hold the position

Theload conditions were classified by wave direction, wave height,
and wave period, as follows. The wave directions were 0, 45, and
90°; the wave heights were 0.1-1.2 m with 0.1 m intervals; and the
periods were 2-10 s with 1 s intervals. The learned control and PID
control were compared. The PID control coefficients were found
to be 0.125, 0.0001, and 0.0045 for K, K;, and Ky, respectively. In
addition, the results of the two control groups were compared by
calculating their corresponding standard deviation.

Here, Fig. 7 shows a graph of the payload compared by changing
the wave direction, wave height, and period. In the graph, the blue
line represents the learned control, the orange line represents the
PID control, and the gray line represents no control. The standard
deviation of the heave motion was calculated for each graph, and
in the case of wave height of 0.5 m and wave direction 0 deg, RL
was 0.03616, PID was 0.06043, and no-control was 0.09909, and

PID Control

~— — = No Control

RL control decreased the heave motion the most. The standard
deviation comparison is shown in Fig. 8.

Here, Fig. 8a shows the standard deviation for each direction
and wave height for a period of 4 s. Figure 8b shows the standard
deviation for each direction and period when the wave height was
1 m. The x-axis denotes the wave height or period and the y-axis
denotes the standard deviation. We confirmed that the heave mo-
tion tended to decrease more significantly in the learned control
than in the PID control, and the effect of the PID control was better
than that of the learned control over a long period. These trends
are observed because the PID control is effective for a long period,
whereas the learned control is effective for a short period in the
learned condition.

In the case of the standard deviation according to wave height,
the maximum reduction rates were 55.8, 65.7, and 47.1% at 0,
45, and 90° in the direction of the ocean environment, and the
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average rate of decrease was 35.0, 37.5, and 17.8%, respectively.
In the case of the standard deviation according to the period, the
maximum rate of decrease was 75.5,64.8, and 62.2 at 0,45, and 90°
in the direction of the ocean environment, and the average rate of
decrease was 16.2, 0.3, and 0.3%, respectively.

4.2. Control of wire rope speed

The learned and PID controls were compared by changing the con-
trol speed. The control speed was —0.2 m/s for winding and 0.2
m/s for unwinding. The control speed for performing the evalua-
tion was 0.1-0.4 m/s with 0.05 m/s intervals for winding and —0.1
to —0.4 m/s with 0.05 m/s intervals for unwinding.

The learned control and PID control were compared using the
standard deviation. However, because the speeds were different,
it was not possible to compare the two using standard deviation.
Therefore, a trend line was obtained from the results and the stan-
dard deviation was calculated as the difference from the trend
line.

Here, Fig. 9 shows the heave motion of the payload and the
winding and unwinding of the wire rope. The blue line represents

the learned control, the orange line represents the PID control, and
the gray line represents no control. The heave motion of the pay-
load is almost linear and compared to the standard deviation of
the distance from the trend line. For winding, the standard devia-
tion is 0.0681 for RL control, 0.0893 for PID control, and 0.1227 for
no-control. For unwinding, the standard deviation is 0.0681 for RL
control, 0.0893 for PID control, and 0.1227 for no-control. There-
fore, RL control reduced 23.7% of winding and 48.7% of unwinding
compared to PID control.

Here, Fig. 10 shows the standard deviation according to the
speed in the winding and unwinding states. It can be observed
that most of the standard deviation values tended to decrease. In
the case of unwinding the wire rope, the maximum and average
rates of decrease were 33.0% at 0.1 m/s and 18.9%, respectively.
In the case of the winding wire rope, the maximum and average
rates of decrease were 56.9% at —0.15 m/s and 34.1%, respectively.

4.3. Compare by scenario

Learning about the state of winding and unwinding of the wire
ropes and the state of stopping was applied to the scenario. This
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scenario was defined as creating a wave load for 0-20 s, stopping
for 20-40 s, unwinding the wire rope for 40-60 s, and winding the
wire rope for 60-80 s. The ocean environment was the same as
that used for the learning.

Here, Fig. 11 shows the heave motion of the payload. The ten-
dency of the heave motion to decrease much more significantly in
the learned control than in PID control was confirmed by applying
the agent learned from three different courses to one simulation.
The rates of decrease were 26.7, 30.8, and 36.3% in the periods of
20-40, 40-60, and 60-80 s.

5. Conclusions

In this study, control was performed by applying deep RL to the
installation work employing two offshore cranes. The DDPG algo-
rithm was used to select the optimal action according to the state.
The state was defined as the motion of the payload, motion of the
offshore crane, and wire rope speed; the action was defined as the
wire rope speed of the offshore crane. Learning was conducted
separately according to specific circumstances. Verification was
performed by changing the ocean environment. In the ocean en-
vironment, the wave height, wave direction, and wave period were
changed and compared with the results of the PID control.

When the payload was stopped, the standard deviations ac-
cording to the wave height in the 0, 45, and 90° directions were
55.8,65.7,and 47.1%, respectively, and the standard deviations ac-
cording to the period were 75.5, 64.8, and 62.2%, respectively. In the
case of unwinding the wire rope, the maximum rate of decrease
was 33.0% at 0.1 m/s. For the wire rope, the maximum rate of de-
crease in tension was 56.9% at —0.15 m/s. When applied to this
scenario, the reduction rate decreased to 26.7, 30.8, and 36.3% in
20-40, 40-60, and 60-80 s.

Consequently, the tendency of the heave motion to decrease
much more significantly in the learned control than in PID control
was confirmed. The RL-based control was effective in the learning
condition, and the motion of the payload was minimized by learn-
ing the environment of the installation area. In the future, we plan
to conduct a study to determine a learning condition with good
control effect for a longer cycle and control an actual crane by

applying RL.
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