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Reinforcement Learning for Active Noise Control
in a Hydraulic System
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operating point, as well as the availability of hydraulic actuators that are suitable for this particular application. The
research to date can be grouped into controls development
[2–4] and actuator development [5–8]. In this paper we are
exploring reinforcement learning as an alternative approach
to hydraulic ANC as a method to overcome the problem of
changing system dynamics as a function of operating point.
Specifically, the current state of the art for the hydraulic
ANC has two potential areas for improvement. First, current
methods utilize the injection of broadband white noise into
the system [2]. Drawbacks of this include the additional energy consumption associated with this noise injection as well
as the potential of the injected noise stimulating modes in attached systems that may create new negative acoustic energy
generation.
The second performance issue of current ANC methods
is that the controller must adapt to changes in dynamics that
occur due to variation of the system operating point. These
variations are present in the dynamics of the pump, the valve,
and the fluid as well. For example, the variance in bulk modulus due to pressure, temperature, and air entrainment will
affect the speed of sound in the oil. The change in the speed
of sound in oil due to the operating point will affect travel
time of the pressure waves from the pump to the actuator
if they are not collocated such that the anti-noise signal is
properly synchronized with the pump ripple wave. Another
example is the flow ripple generated by a variable displacement axial piston pump varies by pressure, speed, displacement, pump design parameters, and operational characteristics such as air entrainment which affects the bulk modulus
of the oil. Effectively controlling flow ripple requires the system to be adaptive to compensate for variability as the system

ce

Introduction
Hydraulic systems offer significant benefits in terms of
their cost, power density, and integration flexibility. Additionally, they can offer competitive efficiency in many applications when efficiency is a design requirement and the system is designed to those targets. However, the noise that is
generated from the conversion of rotational energy into fluid
power using positive displacement pumps is a negative characteristic of these systems that can be difficult to overcome.
Active noise control (ANC) for acoustic systems has a
rich history, that has resulted in many commercialized solutions [1]. Directly extending this work to hydraulic systems
is difficult due to both changing dynamics as a function of
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Hydraulic pressure ripple in a pump, as a result of converting rotational power to fluid power, continues to be a problem
faced when developing hydraulic systems due to the resulting noise generated. In this paper we present simulation results from leveraging an actor-critic reinforcement learning
method as the control method for active noise control in a
hydraulic system. The results demonstrate greater than 96%,
81%, and 61% pressure ripple reduction for the first, second and third harmonics respectively in a single operating
point test, along with the advantage of feed forward like control for high bandwidth response during dynamic changes in
the operating point. It also demonstrates the disadvantage
of long convergence times while the controller is effectively
learning the optimal control policy. Additionally, this work
demonstrates the ancillary benefit of the elimination of the
injection of white noise for the purpose of system identification in the current state of the art.
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characteristics
evolve. Further, current adaptive solutions [2]

The overall system was made up of the hydraulic system and
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Fig. 1.

the active noise control system. The control system consists of three
sub-systems: the input and output signal processing sub-systems
and then reinforcement learning units for the harmonics being controlled.
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Hydraulic system (Continuous): The hydraulic system
consists of a high fidelity model of the pump, the lines, a
load valve, and an actuator valve nearly collocated with
the pump being used for noise cancellation.
Input signal processing (5 kHz): The input signal processing takes the time domain measures from sensors in
the system and converts them into the measures required
by the reinforcement learning elements primarily in the
shaft rotational frequency domain.
Reinforcement learning elements (Actor at 5 kHz, Critic
at 10 Hz): The reinforcement elements are the adaptive control law with an individual element for each frequency.
Output signal processing (5kHz): The output signal processing takes the signals from the reinforcement learning elements, combines them, and moves them from the
shaft rotational frequency domain back into the time domain.

System
Hydraulic axial piston pumps are one example of a system whereby periodic noise is generated as a result of converting energy from one form (rotational) to another (fluid).
Other examples include engines (chemical to rotational), cardan joints (rotational along one vector to rotational along
another vector), tires (rotational to translational), and gears
(rotational to rotational). Due to discretized elements in the
energy conversion process, each of these energy conversion
systems inject periodic noise into the system as a result of the
energy conversion process that can be described as a function
of the harmonics of fundamental frequencies within the system.
To leverage the periodic relationships, sensors are applied to acquire the fundamental reference signal. That signal is then used to generate frequency domain measures. The
reinforcement learning components develop models that describe both the response surface of the system, as well as the
estimated optimal frequency domain output for a given operating point. The same fundamental reference signal is then
used to move back from the frequency domain to generate a
time domain signal that is applied to the actuator.
For the purpose of description, the overall system can be
broken down into subsystems (Figure 1). These components
consist of the following submodels and their corresponding
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The signals in this schematic are labeled with the corresponding definitions in the nomenclature section. The subscript h is consistently applied throughout for variables that
exist for each harmonic controller that is applied. It is the
integer corresponding to the harmonic being addressed.
2.1 Hydraulic System
2.1.1 Hydraulic System Configuration
The hydraulic model for this system included a nine piston axial piston pump (100 cc/rev displacement), hydraulic
lines, an actuator, and lines and orifices that were configured
to replicate the test setup from ISO 10767 [10]. The layout of the system is in alignment with the ISO specification
with the pump and actuator being nearly co-located. The system includes a servo-valve as well as a single pressure sensor
(Figure 2) placed to avoid any potential nodes in controlled
standing waves.
Figure 2 shows the general layout of the system with the
pump and actuator being nearly co-located. The layout of
the system is in alignment with the ISO specification, and in-
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show that normal operational changes in the operating point
due to valve shifting or load dynamics can destabilize ANC
systems when applied to hydraulic systems.
The goal of this work is to evaluate and provide performance estimates for an actor-critic reinforcement learning
controller applied to the hydraulic ANC problem. Reinforcement learning (RL) is a form of adaptive control whereby the
control law is derived based upon stochastic interactions with
the environment. There are many forms of reinforcement
learning, with the actor-critic approach falling into the policy gradient family of reinforcement learning controllers [9].
The actor critic method develops a policy whereby states that
are measured are mapped to a control action. That mapping
is achieved by continuously updating a response surface estimate of the response as a function of the states and control
action, formally called the critic. The actor policy is adjusted
in a manner to maximize the reward function based upon the
gradients estimated from the critic. For this problem, the reward is the negative of the pressure ripple in the harmonic
being controlled, with the objective of minimizing the pressure ripple in the harmonics being controlled.
This work addresses the open gap regarding an optimal
controller for ANC in hydraulic systems without requiring
injection of white noise and robustness to changes in operating conditions. Thus the contribution is a control method
leveraging reinforcement learning in the spatial frequency
domain of the pump. Further, this method is potentially extensible to other energy conversion or regulation processes
that introduce periodic noise from the conversion process
that are undesirable in the resulting output.
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cludes a servo-valve as well as a single pressure sensor (location of this sensor is important to not be located at a potential
node for any potential standing waves in the system).
The primary constraints on the system for this method
to work as intended are (1) that the actuator lie between the
pump and the pressure sensor and (2) the pressure sensor
be upstream of the first branched load on the system. By not
having a branch between the pump and the actuator, we eliminate the possibility that the noise transmission characteristics could vary due to changes of impedance in that branch.
This approach ensures that variation in the load or their reflection characteristics do not change the optimal command
to the actuator to the pressure sensor for any given operating
point.
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Axial piston pump model for this for work consisted of dis-

tributor plate (left) and rotating group with nine pistons whose stroke
was based on the angle of the swashblock (right).

tN

Fig. 3.

2.1.3 Actuator
For purposes of this study, a pair of servo-valves were
used only in the workport to tank path, utilizing only the
bleed capabilities in order to generate the anti-ripple signal.
The specific valves that were used in simulation were a pair
of Moog G765 high response 38l pm valves with the same input provided to each. Multiple valves gave higher capacity,
which improved the capability of the system to effectively
address the pump ripple. The dynamic response data was
available [12] for the valve, and the bandwidth for controlling the spool is over 300 Hz for a ±5% command. One nonlinearity in the system is the actuator response. Due to the
slew limits associated with the valve, the bandwidth reduces
to just over 100 Hz with a larger ±40% command. The spool
response was modeled using the linear response followed by
a saturation (the equivalent of limiting spool position) and
a rate limit. The command that is shown in the results plots
were normalized to quantify how much of the capacity of this
actuator is being consumed by the controller. The transfer
function (pre-saturation and rate limit) relating the electrical
command to the spool position was:
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2.1.2 Pump
The pump was modeled with a geometric displacement
of 100 cc/rev similar to commercially available axial piston
pumps, but did not replicate an exact pump. In this case,
minimal work was done to tune the pump distributor plate
for optimal performance for a given operating point in this
simulation.
Figure 3 shows a cross section of an axial piston pump
and a top view of the distributor plate that sits to the left of
the rotating group (or barrel). As the barrel rotates due to
the shaft, it carries the pistons and they are retained to slide
against the swashblock. This constraint causes an upward
motion when a cylinder is connected to the inlet, and a downward motion when a cylinder is connected to the outlet (all
via the distributor plate).

GActuator =

4.84e6
s2 + 2000s + 4.84e6

(1)

This transfer function and the associated saturation and
rate limit provide an estimated spool position from a provided input current percentage command. A linear area was
assumed from a value of 0 cm2 in the neutral position to a
value of 8.1611×10−2 cm2 fully shifted. This maximum area
value was based upon the rated flow at a 70 bar differential
pressure.
2.1.4 Lines
Line dynamics are critical to obtaining an accurate response of the system. Line dynamic modeling methods, such
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The pump was modeled as a nine piston variable displacement axial piston pump. Manring [11] provided a very
detailed explanation of the derivation of the equations of motion for this type of pump, with particular respect to the
kinematics of the piston and the communication between the
pumping volume and the inlet and outlet. Each of the pumping elements was individually modeled as a piston with kinematic constraints placed upon it by the swashblock. The piston position was used to control a variable orifice that simFig. 2. Schematic diagram of the hydraulic system configured to
ulates the inlet and a separate variable orifice that simulates
replicate the test setup from ISO 10767 and simulated for this work.
pump outlet.
The model that was used also included low frequency
swashblock control dynamics such that the effects of running
at different pump displacements may be considered. Displacement control was considered to have full authority of
the swashblock position such that the forces from the pistons
reacting upon the swashblock did not induce any mechanical
vibration, although they were calculated and may be used for
purposes of study of control of the structure born noise.
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The concept of using the rotational domain as a reference signal to calculate the bases of a single frequency DFT
was extrapolated from the use of the rotational domain reference signal shown in Wang’s [2] work. In our work, we have

2.3.1 Actor
At a high frequency (5 kHz), the actor acts as a feedforward controller, directly calculating the frequency do-
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of characteristics (MOC) [13], lumped ele- extended this with RL no longer requiring high frequency
ment method (LEM) [14], or the transmission line method feedback and relying on the feed-forward nature of the actor
(TLM) [15], model the line dynamics in sufficient detail to improving the overall system stability.
include these wave dynamics for the purpose of developing
The harmonic amplitude was then used to generate a
and validating a control method. For the purposes of this cost output (Eqn 3) that was unique for each harmonic. In
work, the TLM was used. It does not require special adjust- addition to the harmonic specific amplitude, the overall presment for a variable time step method as the MOC method sure ripple peak to peak magnitude was included as a secdoes and does not produce artificial reflected artifacts from ondary measure with parameters to weight the different meaeach node as can be generated using the LEM.
sures.
Line lengths used in this model (Figure 2) were shorter
than most applications. However, these lengths align with the
2
ISO test configuration with a 150 mm line between the pump
Ch (Pwindow ) = K1 P̃h + K2 (max(Pwindow ) − min(Pwindow ))
and pressure sensor, a 250mm line between the sensor and
(3)
first load valve, and a 150 mm line between two load valves.
The input processing block also calculated the data that
This work utilizes Johnston’s Corrected TLM with ad- was common to all controllers: the mean value for the presjustments for capacitance as presented in [15] using his sec- sure, speed, displacement, and peak to peak pressure over the
ond approximation (labeled Model 2) for frequency depen- window.
dent losses. This line model was implemented in the SimScape (MathWorks, Natick, MA) language implementing the
2.3 Reinforcement Learning Elements
publicly available model [16].
The reinforcement learning method was is a multi-rate
The load valves were modeled leveraging the orifice
actor-critic method. Sutton’s update [9] to his seminal book
equation. The operating point was dynamically varied by
provides initial background and taxonomy of actor-critic
adjusting the valve area as a function of time to emulate dymethods and its precedents.
namic load changes.
This problem, when each iteration is treated independently, can be considered a contextual bandit. An iteration is
the sample window between updates to the actor and critic.
2.2 Input Signal Processing
The input signal processing subsystem (1) converted Within each iteration, we allow the system to settle before
sensor values to feature values required by the reinforcement acquiring data for an update such that high frequency effects
learning blocks for each harmonic being controlled. It ac- that may result from the change in the actor strategy dissiquired the pressure, speed, displacement, and shaft angle as pate. During the update sequence, the critic will update its
inputs. It maintained a sampled window of the inputs by internal model, and then provide data to the actor to update
throwing out the oldest value, shifting, and adding the latest action it will take for the operating point sampled. Addivalue to an input buffer. Over the sampled window of J sam- tionally, the actor-critic elements are designed as frequency
ples, it calculated both the harmonic magnitude require for domain controllers, with conversion between time and freeach individual harmonic controller, as well as common data quency domains being handled in the input and output signal
processing blocks.
that was consistent across all harmonic controllers.
The system under control provides the measured outThe primary harmonic data feature is the pressure magnitude at each harmonic (Eqn 2). In this equation, we applied put to the controller which consists of the actor and critic
a Hanning window (H) vector of weights to the pressure data elements (Figure 4). Each element operates independently,
and then applied an effective DFT vector for the harmonic and the input and output processing (Figure 1) is generally
of interest that was generated using the shaft position data. considered to be part of the system under control from the
This spatial harmonic analysis establishes the fundamental perspective of the RL controller. The purpose of the critic is
frequency using the product of the shaft rotation, θ j , and the to develop a response model for the system as a function of
number of pistons, n p . Combining this result with the har- the states and the actuator command (the actor output). The
monic of interest, h, yielded a vector by which extracted the purpose of the actor is to develop a response model for the
pressure ripple phase and magnitude in the particular har- controller effort as a function of the measured states. The
term multi-rate system is due to the fact that the actor and
monic of interest.
critic are not running at the same rate. The actor output must
run at a high frequency (5 kHz) to update the output with
changes in the operating point. The actor and critic response
2 J
surfaces only require updating at the lower frequency (10Hz)
(H
(cos(n
hθ
)
+
isin(n
hθ
))P
)
(2)
P̃h =
p
j
p
j
j
∑ j
∑ H j=1
rate when a stabilized window can be observed and used to
update the models.
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variance which is fixed over a window as shown in 6 and 7.
This local exploration for the radial basis function provides
data that spans a larger subspace as the response surfaces
adapt and drives development of improved estimates of the
local derivative in the critic model. Further, it is important
that distribution noise be independently applied in both the
components of the real and imaginary components to decorrelate the response.

ûh = uh + N (σ2com ) + iN (σ2com )
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Table 1.

RL actor critic information flow diagram.

Actor discretization of pressure, speed, and displacement

states.

Levels

Pressure (bar)

0

50

250

6

Speed (rpm)

900

600

2100

3

Displacement (%)

0

25

100

5

The variance in the normally distributed random noise
is defined in 7. It is limited by the term σ2maxcom and is a
scaling of the error in the critic. In this way, as the model
effectively begins to represent the response, the amount of
variance that is injected may be reduced. It is important to
note that the variance that is being injected does not create
broadband noise. Rather, we are perturbing the actor from
the prescribed optimal output at the control harmonic such
that we can derive an effective estimate of its sensitivity to
the command at a given operating point.
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σ2com



Ecritic
2
= min σmaxcom ,
Kscale

(7)
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main response from the inputs. At a much lower frequency
(10 Hz), the actor’s response surface is updated based upon
critic’s estimate of the system dynamics. Radial basis functions discretize a set of independent variables and return an
estimate for a dependent variable. For this multi-dimensional
input data set, we have discretized the independent variables
to create an grid of points to describe the state space (Table
1). The set of discretized independent variables define the
coordinates for the inputs to the actor’s radial basis function
used to generate the command.
The grid of points represent all of the combinations of
coordinates defined by this discretization. Their coordinates
were arranged in an n × 3 matrix where each row represents
the coordinates of a single grid point. The radial basis function utilizes a distance function, which is a scaled version of
the square of the Euclidean distance (Eqn 4).
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(6)
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(P̄ − Pn )2 (d¯ − dn )2 (ω̄ − ωn )2
+
+
σ2ω
σ2P
σ2d

(4)
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Dn,actor =
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When the negative of the distance (always a positive
value) of a point is applied to the radial basis function (5)
large values drive down the output of the exponential function, effectively reducing the impact the weight coefficient
for that point (Wh,n ) has on the overall output. In this case,
we are considering complex weights where the weights closest to the operating points become only significant terms in
the output of the equation.

N

uh =

∑ Wh,n e−Dn,actor

{Wh,n ∈ C}

(5)

n=1

The complex command is then modified to include some

In addition to generating the output based upon the features from the input processing block, the actor contains a
subroutine that periodically takes output from the critic and
updates its weights. In this way, the actor can be considered
a weakly closed loop. The beginning of every update cycle
includes the updating of the weight vector used to generate
the output. This update is shown in 8 where the update has
a scaling hyper parameter α, the derivative of the cost with
respect to the output, and the derivative of the weights with
respect to the output. The principle of this update is to update
the weights to increase the reward (or decrease the cost) the
next time the system experiences the same operating point.

Wh,n ← Wh,n − α

∂C ∂Wh,n
∂uh ∂uh

(8)

2.3.2 Critic
The critic was a much larger radial basis function than
the actor, as it has the additional dimensions of the real and
imaginary components of the command. However, it was
evaluated at a much lower frequency. Its radial basis function
estimated the cost with respect to the operating point and
command. It also provided an estimate of the first and second
derivatives of cost with respect to command for the purpose
of updating the actor. Equations 9 and 10 show how the 5
measures were used to generate the critics output.
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Table 2. Critic discretization of pressure, speed, displacement, and
command states

Dn,critic = −

(P̄ − Pn )2 (d¯ − dn )2
−
−
σ2P
σ2d

(ω̄ − ωn )2 (ℜuh − ℜuh,n )2
−
−
σ2ω
σ2ℜu

Min

Step

Max

Levels

Pressure (bar)

0

50

250

6

Speed (rpm)

900

450

1800

3

Displacement (%)

0

25

100

5

Real Command (%)

−110

10

110

23

Imaginary Command (%)

−110

10

110

23

(9)

h

(ℑuh − ℑuh,n
σ2ℑu

)2
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Methods
Three tests were performed to exercise the controller
to better understanding its behavior. While not exhaustive,
these tests offer the opportunity to examine the system when
compared to the baseline without a controller enabled. The
primary tests detailed further below were:
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The update function for the weights of the critic was
identical to that of the actor and followed the general procedure for updating of Gaussian radial basis functions. However, in this case, the error that was used to update the response surface was the difference of the estimated cost and
the measured cost. In this way, the model was updated to
move towards the measured data.
The estimate for the derivative of the cost function with
respect to the input was computed by evaluating the response
surface on either side of the nominal command for both the
real and imaginary components of the command. Those values were then provided to the actor to update the weights of
its radial basis function.
An important implementation detail in this model was
that the initial conditions for the weights were set to a value
that is higher than expected during run time. This initialized the critic where all operating points produce greater ripple than if the actuator were to be run with that command.
This approach avoided unnecessary exploration of the design
space and minimized the systems operation where the control action being taken increased the pressure ripple rather
than decreased it.
The size of the radial basis function, measured by the
number of coordinates, for the critic is much larger than that
of the actor as the response surface also includes the independent dimensions for the real and imaginary components
of the command (Table 2). This results in a radial basis function with approximately 50, 000 weights whereas the actor
had less than 100.

Two significant adjustments were made in the output
signal processing from the combined signals from each of
the reinforcement learning elements and the physical signal
supplied to the valve. First, a frequency dependent scaling
factor, αactuator , that approximated the magnitude attenuation of the valve was applied. This scaling factor ensured
that the discretization of the commands within the critic are
applicable across the entire state space.
The second adjustment was the addition of an offset,
Io f f set . Since this valve does not inject energy, but only
bleeds energy, the offset was applied to ensure it only operated in relieving mode.

Co

(10)

n=1

ot

∑ Wh,n eDn,critic

tN

C̃h =

Output Signal Processing
For each harmonic, a time based command sequence
was generated by reading in the real and imaginary components of the command and using the measured shaft angle to
synthesize the harmonic command as shown in 11.

Ac

2.4

1. Single Operating Point Examination
2. Operating Point Sweep
3. Cyclical Convergence Test
The conversion rates of these tests were dependent upon
the system hyper-parameters. Most of these methods lack
calculations for the optimal hyper-parameters, and instead
rely upon empirical testing to determine which values are
optimal for a given problem. Some work was done to determine which parameters worked best for this system. However, due to the slow run times of the simulation (120 times
slower than real time), exhaustive optimization of the hyperparameters was not completed.
Additionally, unless it is explicitly stated, the data provided was based on a single run. Due to the use of random
numbers in the exploration of the critic, each run produces
slightly different results.
3.1

Ivalve = ∑ [αactuator (ℜuh cos(n p hθ) + ℑuh sin(n p hθ))]
h

+ Io f f set

(11)

Single Operating Point Examination
While a large driver for the motivation for evaluation
of this type of a system was the dynamic performance as
the operating point varied, evaluation of the performance at
a single operating point can provide significant insight into
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Table 3. Cyclic Convergence Test Operating Points
Section

Speed (rpm)

Disp (%)

Press (bar)

1

1200

100

150

2

1800

50

200

3

1500

33

250

Operating Point Convergence Test
The operating point convergence test used a design of
experiments across the pump’s operational range to investigate any sensitivities the system may have as well as investigate for any trends that may be apparent. This test used a
shorter, 5 minutes, run of the single operating point examination test, but at a variety of operating points. The operating
points were a full factorial combination of the variables in
the following list:
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3.2

Co

the overall behavior of the system. To understand the steady
state behavior, the pump model was simulated at 1800 rpm
and full displacement with the second load orifice adjusted
to deliver a load of approximately 250 bar. In this test, the
reinforcement learning algorithm was allowed to run until
the simulation reached 10 minutes. Comparisons were then
made between the uncontrolled case (the baseline) and the
case where the ANC system was enabled.

ot

Baseline Uncontrolled Cyclic Convergence Test Pressure

Profile

tN

Fig. 5.

4 Results
4.1 Single Operating Point Examination
Enabling the RL system had a very quick effect within
the first 5 seconds of the test (Figure 6). At this operating
point, the overall peak to peak pressure ripple is 25 bar, or
about 10% of the mean pressure. However, as the system
was allowed to run over the full 10 minutes, the pressure ripple continue to reduce (Figure 7). In the last epoch of the
controlled case, the pressure ripple was 7.3 bar, or a reduction of 70% at the end of the 10 minute cycle. This reduction
continued to vary as the controller continued to operate with
some stochastic input for the critic response estimation.

ed

Displacement: 50%, 100%
Speed: 900 rpm, 1350 rpm, 1800 rpm
Pressure: 50 bar, 150 bar, 250 bar

Cyclic Convergence Test
The cyclic convergence test was intended to replicate
the type of load and speed variations that may be seen in
a normal operating cycle. While typical cycles are stochastic
and can have multiple time-varying operating points, this test
was simplified to be able to better look at how well the controller handled the dynamic transitions as well as the convergence characteristics with multiple operating points simultaneously. This test cycle can be seen, in terms of the pressure
load (Figure 5) in three different sections, where the overall
behavior was observed both for the transitions as well as the
stable operating points.
The operational targets for each section (Table 3) provided the target for speed, pressure, and displacement.
Each sequence was run through completely for 200
epochs (full simulations of the cycle) to examine the evolution of the controller for repetitive operation of the same
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Fig. 6. Single operating point test pressure profile for the first 5 seconds of the simulation comparing RL disabled (black) with RL enabled (grey).

The peak to peak reduction is clear (Figures 6, 7), but
looking further at the individual waveforms (Figure 8) shows
graphically the reduction in energy from the mean pressure
is even more pronounced than the peak to peak reduction.
In these experiments, only the first three harmonics were
actively controlled. The results show the energy is being
reduced in the harmonics under control while uncontrolled
harmonics remain largely unchanged (Table 4).
In the case where RL is enabled, an analysis of the harmonic magnitude shows the controller evolving over the test
for each of the harmonics being controlled (Figure 9). Based
upon this analysis, one may observe the controller may not
be fully converged at the end of the 10 minute test. It also
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Table 4. Harmonic

FFT Amplitude Comparison for the Controlled

First, Second and Third Harmonics and for the First Four Uncontrolled Harmonics

RL Enabled

h

(bar)

(bar)

1

9.64

0.31

2

3.31

0.61

3

1.37

0.53

4

1.04

1.10

0.81

0.77

0.43

0.46

0.27

0.34

ed
ite
d

RL Disabled

5
Fig. 7.

6

Single operating point test pressure profile for the full 10

minute simulation with RL active.

Fig. 8.
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Exemplary pressure waveform plot in shaft rotational domain
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comparing RL disabled (black) with RL enabled (grey)

(black) harmonic.

Ac

Fig. 9. Single operating point test harmonic performance over full
10 minute test for the first (light grey), second (dark grey), and third

shows that the controller does an effective job on each harmonic, but rate of convergence varies based upon the harmonic being controlled.
It is interesting to examine the results of the RL controller over this single operating point. These results indicate
that the controller still hasn’t stabilized as is most evident

Fig. 10. Single operating point test first harmonic command showing evolution of the real (black) and imaginary (grey) components.

by the changing command in the second and third harmonic
controller (Figures 10, 11, 12). However, the first controller
seems to be relatively stable as shown in figure 10. These
results show that the critic models still have error in them, as
the error between the critic’s prediction and the actual performance are used to govern the standard deviation of the
random noise injected into the actors command. We see evidence both in these results as well as those associated with
the performance, that initializing the critic to assume the entire design space yields poor results, results in performance
that does not appreciably increase the sound power at any
point (Figures 7, 9).
Finally, we can consider the flow being bled off during
this test. At 600 seconds, the mean flow being bled from the
system is a little more than 21 liters per minute. This is being
removed from the pump delivery of approximately 159 liters
per minute for a total loss of 13.4%. This significant loss is
partially due to the need to apply a current offset that is applied to ensure the valve is always operating in the relieving
domain.

Downloaded from http://asmedigitalcollection.asme.org/dynamicsystems/article-pdf/doi/10.1115/1.4049556/6612544/ds-20-1029.pdf by Iowa State University user on 14 January 2021
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Single operating point test second harmonic command

showing evolution of the real (black) and imaginary (grey) compo-
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between the two operating points per the orifice equation.
Moving from the 250 bar case to the 50 bar case would reduce the flow for a given spool position by 42%. As such,
this trend aligns well with those system dynamics.
Cyclic Convergence Test
Using the original hyper-parameters from the single
point convergence test, the overall performance converged
to provide a significant benefit in overall ripple (Figure 13).
However, the noise term used to establish a the basis for the
local derivative calculations was still quite large showing significant variation over the entire cycle. We can see in these
results that the impact occurs not just in pseudo-steady-state
areas, but also in the dynamics of transitions from one operating point to another.
Additionally, if we do an FFT of a window in each of
the sections, we can see how the convergence progresses to
provide this result in figures 14, 15, and 16. This overall convergence characteristic is less favorable than what was seen
when running the single operating point convergence test.
It demonstrates the hyper-parameters may be overly aggressive.
When reducing the learning rate, α, of the actor from an
aggressive value of 0.05 down to 0.01 we can see a significant improvement in the overall behavior of the controller
with respect to convergence. Comparing these results to the
previous results it is observed that in the first section even
though the learning rate is lower, the resulting performance
after 200 epochs is better. These settings are still significantly more aggressive than values commonly seen in literature. However, the improved convergence time during initial
testing was very attractive.
Based upon these results, additional experiments were
done to examine how extending the method presented may
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Fig. 12. Single operating point test third harmonic command showing evolution of the real (black) and imaginary (grey) components.

Operating Point Convergence Test
The results of the operating point convergence simulation were summarized (Table 5) comparing the controlled
harmonics at 18 test points with the controller both enabled
and disabled. In all cases, the controller was effective at controlling the first harmonic. Generally, these results align with
the single operating point convergence test, where the second
and third harmonics (with lower sensitivities), tend to perform as well as the first harmonic. In some cases with very
low baseline ripple in a harmonic, the stochastic component
of the controller used to generate the variation to develop the
local model is injecting enough noise at 300 seconds to have
higher noise content in those harmonics than in the uncontrolled case. Until the model fully converges and magnitude
of the normal random offsets are reduced, this is an expected
effect.
The trends from the figures also indicate the noise is
more difficult to reduce in the low pressure regime. While
some of this may be due to the general characteristics of
the pump, the actuator effective flow gain is attenuated by
both the dynamic response of the valve as well as the mean
pressure reduction reducing the flow for the same spool position by roughly a function of the root of the pressure ratio
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Table 5.

Cyclic convergence test section 3 performance results: har-

monic amplitude for the first (light grey), second (dark grey), and third

Fig. 13.

py

(black) harmonics with baseline learning rate.

Cyclic convergence pressure profile results for RL disabled
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(black) compared to RL enabled after 200 epochs.
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Fig. 17. Cyclic convergence test section 1 performance results: harmonic amplitude for the first (light grey), second (dark grey), and third
(black) harmonics with reduced learning rate.
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Fig. 14. Cyclic convergence test section 1 performance results: harmonic amplitude for the first (light grey), second (dark grey), and third
(black) harmonics with baseline learning rate.

Fig. 15. Cyclic convergence test section w performance results:
harmonic amplitude for the first (light grey), second (dark grey), and
third (black) harmonics with baseline learning rate.

result in enhanced performance. Figures 20, 21, and 22 show
results from maintaining a sequence of previous points in
memory and using those for training. This was largely based
upon previous work with experience replay [17, 18]. However, to further extend these methods, we assume a linear
basis between these data points and interpolate to create synthetic data and then shuffle the set before leveraging for training. This adjustment yields substantially improved results as
are shown with the large learning rates that were previously
applied. Other basis may be selected based upon the nature
of the data and the frequency over which it is being sampled.

5

Discussion
This work leveraged radial basis functions in the interest
of being able to manipulate both the initial values of the networks and to drive towards a network size that can be computationally driven with cost effective hardware. While the
initial results are promising, some experiments indicate that
there are still further enhancements that can be made.
The nature of the actor-critic configuration may lend itself well to extension as a prognostic tool for pumps. For
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Cyclic convergence test section 2 performance results: har-

monic amplitude for the first (light grey), second (dark grey), and third

Fig. 20.

(black) harmonics with reduced learning rate.

monic amplitude for the first (light grey), second (dark grey), and third

Cyclic convergence test section 1 performance results: har-

(black) harmonics with experience replay using real and synthetic
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Fig. 19. Cyclic convergence test section 3 performance results: harmonic amplitude for the first (light grey), second (dark grey), and third
(black) harmonics with reduced learning rate.
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example, if the response surface model of the noise changes
significantly, we can suspect there have been changes in the
system dynamics that may be of importance. By interrogating the response surface we could potentially look for variance from the nominal that could be matched to particular
pump failure modes.
Finally, it is important to note that with the anti-ripple
signal method for cancelling pump ripple propagation into
the system, we are actually increasing the pressure ripple
seen by the pump due to the reflected wave. If the primary
acoustic noise path is from the pump and not from the system that is being driven, pump ripple cancellation may actually make the acoustic properties worse instead of better.
Another direction for research is the use of acoustic feedback, such as microphones within the cabs of equipment, as
a feedback mechanism rather than pressure sensors within
the hydraulics system.

Fig. 21. Cyclic convergence test section 2 performance results: harmonic amplitude for the first (light grey), second (dark grey), and third
(black) harmonics with experience replay using real and synthetic
data.

6

Conclusions
These results indicate strong potential for this control
technology to be applicable to problems of this nature. The

Fig. 22. Cyclic convergence test section 3 performance results: harmonic amplitude for the first (light grey), second (dark grey), and third
(black) harmonics with experience replay using real and synthetic
data.
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dynamic operating points, can be achieved in a stable manner
without injection of broad band white noise for purposes of
system identification.
This work also has shown a strong dependency upon empirically derived hyperparameters. With the hyperparameters
set in these original simulations, we did not see ultimate convergence where the level of injected noise at the harmonics
was ultimately reduced. However, additional experiments
where the hyperparameter tied to that noise level was adjusted would yield convergence of the noise, but slower convergence of the nominal values. Overall, we see the hyperparameters as a trade-space where adjustments need to be made
and experimented with over the entire operating range.
Finally, this work shows an high efficiency penalty tied
to doing a straight relieving style actuator. The problem of
finding a suitable actuator for hydraulic ANC still needs to
be addressed.
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