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Abstract

Hybrid and fully electric heavy machinery introduce new possibilities for hydraulic
system design. Due to their lower energy density compared to conventional com-
bustion engine systems, improving hydraulic efficiency is crucial. Electro-hydraulic
actuators can achieve this but often require high installed power, as each actuator must
be sized for maximum demand. The multi-pump system (MPS) in this paper addresses
this by allowing all hydraulic machines to serve any actuator via a network of on/off
valves, reducing losses and installed power. However, its multiple degrees of freedom
make optimal operation non-trivial. This paper proposes a filtering strategy using a ge-
netic algorithm to identify efficient operating points for the MPS. Although applicable
for larger systems, the results here focus on an MPS with two pumps and one actu-
ator as an example. A quasi-static system model is introduced, which the GA uses to
determine steady-state control signals that minimise power consumption. The results
highlight ideal operating conditions, significantly narrowing the range of viable valve
combinations and pump/motor speeds. Finally, the paper discusses the limitations of
the approach and its potential extension to more complex multi-pump systems for the
development of dynamic control strategies.
Keywords: Multi-pump system, optimisation, genetic algorithm, hydraulic system
modelling

1 Introduction
Electrification is nowadays one of the main trends in devel-
oping more efficient mobile machinery. Fully electric or hy-
brid vehicles aim to achieve a lower carbon footprint by re-
moving or downsizing the conventional combustion engine,
respectively. An electrified vehicle can use the conventional
hydraulic system with variable displacement pumps and throt-
tling valves to operate its functions, but these often maintain
the high losses, leading to average efficiencies of around 30%
[1] for the hydraulic system. Considering that battery-powered
vehicles are less energy-dense, the low efficiency becomes a
limitation and alternative solutions becomes more relevant.

One approach is to implement non-centralized architectures.
For example, [2] compares baseline load-sensing system with
displacement control, where a single prime mover drives mul-
tiple variable displacement pumps, and an alternative using
electro-hydraulic actuators. A hybrid approach that combines
displacement control with a smaller load sensing system is
also presented in [3]. While all solutions offer higher effi-
ciencies, they often require either increased pump capacity,
installed power, or both.

An alternative solution is provided in [4] and [5], called
variable-speed drive network system. This approach util-
izes fixed displacement pump/motors driven by variable-speed

electric machines. By eliminating valves and short-circuiting
chambers or interconnecting them through the hydraulic ma-
chines, the system reduces installed motor power, but may re-
quire specific tuning for each vehicle.

Expanding on these approaches, [6] presented a new modular
design, termed the multi-pump system (MPS). This architec-
ture employs multiple fixed displacement hydraulic machines
operated by variable speed electric machines, which for sim-
plicity will often be called e-pumps in this paper, and a set
of discrete valves to connected any pump/motor port to any
actuator chamber. This shared configuration aims to avoid in-
creasing the total installed power.

1.1 Combinatorial complexity in the MPS

One challenge with this system is the extremely large num-
ber of control signal combinations. A system with two main
e-pumps, two actuators, and an auxiliary pump/motor would
require a total of twenty valves, leading to 220 = 1,048,576
valve combinations. A relatively coarse discretization of the
e-pump speed into 20 steps further increases this number to
220×202 = 419,430,400.

A similar challenge is addressed in [7], where the authors pro-
pose a graphical approach to identify viable flow paths and
systematically reduce the combinatorial complexity. Their
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study on two individual metering systems demonstrates that
this strategy simplifies optimization while improving energy
efficiency. However, it focuses on the actuator side and does
not consider the role of pump/motor control in the optimiza-
tion process.

A previous study by the authors of this paper conducted a
backward calculation analysis to optimize the e-pumps con-
trol to minimize power consumption for the operation of one
actuator [8]. The architectures considered different number of
e-pumps, operating in two quadrants, for each chamber. Addi-
tionally, the paper described a sizing strategy for the hydraulic
machines using scaling laws described in [9]. The system ana-
lysis showed that:

• Using three pumps for the larger chamber and two for the
smaller one was the most efficient architecture, as the sys-
tem can better distribute the flow to avoid low-efficiency
operating points;

• Some operating regions provide opportunities to un-
evenly divide the flow between hydraulic machines to in-
crease overall efficiency;

• The number of e-pumps speed combinations required
large computational storage using matrices calculations,
indicating that expanding the system to include more ac-
tuators and four-quadrant operation would be prohibitive.

To expand on the previous points, this paper presents a method
applicable to various MPS architectures to determine the
most relevant operating modes for the e-pumps and valves.
Assuming four-quadrant operation, analytically determining
the viable flow paths can become cumbersome. To address
this, a genetic algorithm (GA) is employed to explore the
design space of control inputs — namely, valve signals and
pump/motor speeds — with the objective of minimizing power
consumption or maximizing energy recuperation.

The approach uses a quasi-static model and does not consider
a drive cycle or the transition costs between different operat-
ing points. Instead, as a result of the explorative aspect of
a GA, the method provides a list of recommended operating
modes for each pair of actuator force and speed. This signi-
ficantly reduces the number of control options by indicating,
for example, when to activate the second e-pump or when to
regenerate energy. The primary aim of this paper is to demon-
strate this approach for an intuitively understandable system,
with the broader goal of extending it to more complex config-
urations.

Section 2 describes the combinatorial problem in more detail
and establishes the main goals of the quasi-static model and
optimisation algorithm. The modelling strategy and the GA
method are detailed in sections 3 and 4, respectively. The sim-
ulation results for an MPS with two pump/motors and one ac-
tuator is presented in section 5 to show the capabilities of this
approach. Section 6 then discusses how this method can be
expanded to more complex systems and how the results can
support the development of dynamic control strategies for the
MPS.

2 System overview and problem formulation
Figure 1 shows a multi-pump system with two fixed displace-
ment e-pumps (P1 and P2) powered by electric machines with
variable speed drives (VS Ds) connected to an actuator (A1)
and an auxiliary pressure source (PS aux) through a set of
on/off valves.

This system minimizes throttling losses by eliminating pro-
portional valves and instead relies on flow control through
variable-speed machines. While proportional valves can as-
sist with control, their inclusion would greatly increase the
problem complexity and introduce losses that the architecture
aims to avoid. Furthermore, this study focuses on steady-state
conditions, rendering partially open valves irrelevant for the
current analysis.

The valves are named according to the components they are
connecting, e.g. V1A1P1A allows flow from pump port P1A to
actuator chamber A1A. This simplified system is used as a ref-
erence for the discussions in this paper, but the method applies,
in theory, to a system with any number of components.

This design allows energy regeneration and recuperation and
can be expanded. Including another actuator means adding
another row of valve connections to the pump/motors, adding
e-pumps requires another column of valves. A constant pres-
sure source is considered for the auxiliary line to simplify the
analysis.
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Figure 1: A diagram of a multi-pump system with one actuator
controlled by two pumps with an auxiliary constant pressure
source.

For the system in fig. 1, identifying valid valve combina-
tions manually is feasible, especially because operating the hy-
draulic machines in four quadrants is redundant with a single
actuator. Figure 2 shows three ways to achieve the same speed
and force in the actuator, with each case detailed below. a) and
b) show the conventional operating case with opposite pump
speeds, while c) shows a regenerative case with the chambers
interconnected. A similar configuration applies to motor oper-
ation.

In an operating scenario where the actuator extends against a
resistive force and assuming that P2 is off, P1 can operate as a
pump with a positive or negative speed by changing the set of



open valves from VA1AP1A, VA1BP1B, and VP1B_aux to VA1AP1B,
VA1BP1A, and VP1A_aux, respectively.

P1 can also operate with VA1AP1A, VA1BP1A, and VP1B_aux open,
as illustrated in fig. 2 c), depending on the external force and
actuator area ratio. Adding the second machine enables al-
ternative operating modes with two pumps or one pump and
a motor, for example. Since they can be controlled individu-
ally, the system can achieve the same behaviour with different
combinations of angular speeds.
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Figure 2: Operating examples for the multi-pump system in
fig. 1 with a single pump. a) Pump mode with positive speed.
b) Pump mode with negative speed. c) Pump mode with regen-
eration - chambers interconnected.

A complete system analysis would have to consider all the pos-
sible flow paths and directions to determine the optimal solu-
tion. As the number of components increases, the problem
quickly becomes too complex for manual evaluation. The op-
timisation approach using a GA is one way to circumvent this
problem for both simple and more complex systems.

2.1 Model and optimization requirements

This paper presents an approach to the aforementioned prob-
lem in two parts: a system model and an optimisation strategy
to identify optimal operating conditions. The main objectives
for the new model were defined as:

• Develop simplified component models that can be exten-
ded, balancing computational cost with system solvabil-
ity;

• Ensure flexibility in defining the number of pumps and
actuators, as the optimal architecture may vary across dif-
ferent applications;

• Enable both forward and backward simulation by allow-
ing the inputs and outputs to be freely assigned, facilitat-
ing testing and results verification;

• Allow expansion of the loss models and facilitate post-
processing calculation to estimate additional losses;

• Ensure smooth four-quadrant operation, eliminating the
need for explicit checks on pressure difference to determ-
ine flow direction.

It was also determined that a filtering approach was needed to
reduce the scope of the problem. Considering the large num-
ber of combinations, a strategy to identify the possible solu-
tions to the system was sought after, thus this optimisation ap-
proach would need to:

• Handle a model that is non-linear and discontinuous and
that can vary in size and complexity;

• Provide a reduced scope of control options to the system,
thus facilitating future analysis and dynamic simulations.

The solution in this paper addresses these aspects by intro-
ducing, in sec. 3, a quasi-static model of the system based
on a combination of symbolic expressions supporting multi-
quadrant operation with a root-finding solver to compute the
systems states. This allows the definition of different inputs
and outputs for various types of simulations.

A genetic algorithm, described in sec. 4, explores the design
space to find locally optimal solutions to the hydraulic ma-
chines’ angular speeds and the corresponding valve signals
to operate the system at steady-state conditions. The results
greatly reduce the number of control options and provide in-
sights into when the system transitions between different op-
erating modes.

3 Quasi-static model of the hydraulic system
Based on the proposal for backward and forward simulation,
the following structure is used to model the system:

• Each component may contain one or more power ports:
hydraulic and mechanical. Electrical ports are omitted in
this analysis;

• Ports hold the effort (E) and flow (F ) values from one the
the component’s domains and share this information with
other components;

• Each component includes one or more equations, includ-
ing loss expressions, that define its flow and effort values;

• The communication between components is done
through mechanical or hydraulic nodes, which transmit
common effort values and calculate the flow balance;

• Each port is defined as a provider or receiver, thus set-
ting the expected variable sign for the first quadrant op-
eration. This approach handles the challenge of defining
the variables signs but must be properly considered when
defining the equations based on the other components.

Figure 3 illustrates a pump/motor component from fig. 1 along
with its equations, connection ports, and nodes. The nodes
connect to generic ports from other components, demonstrat-
ing the transmission of information. These hydraulic nodes
act as abstract components that determine the flow balance
between ports, mimicking the behaviour of a hydraulic volume
but without accounting for dynamics.



The hydraulic flow (q) arrows show the expected positive sign
for this model. The system models, for example, that the
nodes receive flow from the pump/motor ports and from the
ports on the bottom, and provides flows to the top ports. If the
solver determines a negative value, then the flow direction is
reversed. A similar consideration is performed for the valves
and actuator. A more detailed explanation of the variables and
equations is available in sections 3.1 and 3.4.
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Figure 3: A diagram of a pump motor component with con-
nection ports and nodes and the equations used to model the
component.

The model assumes a positive input power at the pump/motor
shaft is transmitted through the system and becomes a positive
output power at the actuator rod. This means that the expected
flow direction from the component ports must be taken into ac-
count in the equations, as presented in the next sections. The
pressure source is an ideal component and simplifies the ana-
lysis by maintaining a constant pressure at the auxiliary line to
the pump/motors.

The following subsections present the quasi-static models of
pump/motors and their loss models, the linear actuator, valves,
and nodes. The final subsection explains how these models
are used to formulate the set of equations describing system
behaviour and how variable values are provided to the solver
to compute the solution.

3.1 Pump/motor model

The pump/motor model in fig. 3 considers two hydraulic
ports and one mechanical port. Mechanical power going in
the component, so pump operation, is assumed positive. The
pump/motor is then expected to transmit positive power to the
other components, so both hydraulic ports are assumed to have
positive power leaving the component. The equations then ex-
plicitly define that a positive flow in one port would lead to a

negative flow in the other. A summary of this logic and oper-
ating quadrants can be seen in table 1.

Table 1: Pump/motor quadrants, variable signs, and operating
modes.

T ω qA ∆p qB Mode

1st quad + + + + - Pump
2nd quad - + + - - Motor
3rd quad - - - - + Pump
4th quad + - - + + Motor

The equations that describe the pump/motor component are
shown below, where qp,A is the flow at port A, Dp is the ma-
chine volumetric displacement, ωp is the shaft angular speed,
qp,loss is an expression for the internal leakage, Tp is the
torque, ∆pp is the pressure difference between the hydraulic
ports, and Tp,loss is the torque loss.

qp,A = Dpωp−qp,loss, (1)
qp,B = −qp,A, (2)

Tp = Dp∆pp−Tp,loss. (3)

The e-pumps’ displacement vary with the number used in the
system, and the sizing process follows a similar strategy to [8],
with the machines sized to provide between 10% to 20% more
flow than the maximum required actuator flow. The difference
derives from how close the flow values are, since the new ma-
chines are sized with integer volumetric displacement. It also
brings more flexibility to system operation at higher speeds.

3.1.1 4-quadrant loss models

The loss models are based on experimental data for a 32.4
cm3/rev pump. For different machines’ sizes, the losses and
maximum angular speed are scaled according to the laws de-
scribed in [9]. The scaling laws are shown below, where λ is
the scaling factor and ωnom is the nominal angular speed. The
subscript re f means it is the reference pump value.

λ = 3

√
Dp

Dp,re f
⇒


ωnom =

ωnom,re f
λ ,

qp,loss = λ
2qp,loss,re f ,

Tp,loss = λ
3Tp,loss,re f .

(4)

This provides loss values that cover the first quadrant of op-
eration for the machine but to follow the model proposal,
the qp,loss and Tp,loss expressions should handle four quad-
rant operation. To cover this, the loss maps are extrapolated
for the other scenarios (by inverting and mirroring the data as
needed). To create the expressions, the Matlab Curve Fitting
Toolbox was employed [10], generating non-linear polynomial
equations to approximate the loss values as a function of the
angular speed and pressure difference.

3.2 Linear actuator model

The actuator model assumes no losses and can therefore be
described by the following equations, where qc,A and Ac,A are



the flow and area of the piston side, respectively, qc,B and Ac,B
are the flow and area of the rod side, vc is the actuator speed,
Fc the actuator force, pc,A is the pressure in the piston side and
pc,B in the rod side:

qc,A = Ac,Avc, (5)
qc,B = −Ac,Bvc, (6)

Fc = pc,AAc,A− pc,BAc,B. (7)

3.3 Valve model

All the valves in a single architecture have the same size. They
are set to have a 10 bar pressure drop at the maximum flow,
determined based on the maximum actuator flow (qc,max). This
is to cover cases of energy regeneration, since all the flow of a
chamber can be redirected to the other chamber of the actuator,
while the pump/motor(s) compensate for the area difference.

The model assumes no leakage; therefore, the flows
qv,1 and qv,2, representing the flows in the pressure port and
the actuator port, respectively, are determined by a linear flow
coefficient Cv and the pressure difference ∆pv. The variable
S v denotes the control signal, which can take binary values of
0 or 1. The pressure drop is the same in both flow directions.

A linear model simplifies the calculations without significantly
affecting the results. The primary impact is a slight preference
for lower flow through the valves, which may lead to solutions
that favour using two pumps more frequently.

qv,1 = S vCv∆pv, (8)
qv,2 = −qv,1, (9)

Cv =
qc,max

10e5
. (10)

3.4 Node model

The node is a component responsible for combining the in-
formation from the ports of other components. In this analysis,
they directly transmit the effort E variables (pressure, torque,
force) to the connected ports.

The flow variables F (hydraulic flow, linear speed, angular
speed) have their signs determined directly by the components,
while the node performs the summation. Thus, defining FN as
the the total node flow and F# as a generic representation of
the other flow variables, the node equation becomes

FN =
∑
F#. (11)

3.5 Symbolic representation of the system

A Python program utilises these definitions to construct sys-
tems with varying numbers of pumps and actuators, generat-
ing the required valve components. The SymPy library [11]
facilitates the construction of symbolic expressions based on
the components equations. For the system in fig. 1, for ex-
ample, the program generates 38 equations with 54 variables.

These include all node equations and component loss expres-
sions, therefore the value of 16 variables must be defined to
solve the system.

Since some models are non-linear, the equations are converted
into numerical expressions. The SciPy library [12] enables the
use of various solvers to compute a numerical solution when
the necessary parameters are provided.

This model works for backward and forward simulations
based on which symbols are chosen as variables. For instance,
with a fixed pressure for PS aux, an external force value for
FC , and the signals values (S v) for the valves, 14 variables are
set. For forward simulation, one can define each pump an-
gular speed ωp,# and solve to find the the actuator speed vc.
Alternatively, if the actuator drive cycle is given, it is possible
to calculate both ωp,# by defining the sharing ratio between
e-pumps. Figure 4 summarizes this process and show the in-
tegration with the genetic algorithm, detailed in section 4.
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Figure 4: A diagram showing the model preparation process.
Defining different input variables allow for forward and back-
ward simulations.

4 Genetic algorithm (GA) method
As mentioned before, not all valve combinations are useful to
the system, e.g. having a single valve open. In fact, many
valve combinations are most likely infeasible or not useful
but since they are coupled to the pump/motor speeds, it is not
simple to define the available options.



Looking at the system as a control optimization problem is in-
teresting to filter out the operating modes for the pump/motors
and valves combinations. The genetic algorithm fits well into
this approach because it can manage non-linear discontinuous
problems and can explore a large area of the design space, thus
reducing the likelihood of getting stuck in local minima.

GAs are inspired by natural evolution, where the fittest in-
dividuals are more likely to survive and pass on beneficial
genes to their offspring. A chromosome is a set of genes,
which, in this paper, represent the control signals to valves
and pump/motors. In a simple example, two solutions (two
members of the population), can provide genes to form a new
chromosome to a new individual that can better fit the system’s
operation. To increase the variation, some genes may undergo
mutation, slightly modifying the inherited information [13].

Figure 5 illustrates these steps and expands on the GA block
shown in fig. 4. For each chromosome the GA creates, the
genes values are sent to the solver to calculate the remaining
variables. The complete results are then sent back to the GA
and used to compute the fitness for each member of the popu-
lation.

Initialize Population

Evaluate Fitness

Termination? Return Best
Solution

Parent Selection,
Crossover, Mutation

Update
Population

Yes

No

Figure 5: A simple genetic algorithm workflow

The algorithm requires a few other parameters, but the most
relevant for this explanation are the population size, which de-
termines how many individuals exist; a fitness (or cost) func-
tion that defines how good a certain individual is; and a termin-
ation criterion, which can be a fixed number of generations or
another condition, such as convergence to a solution or min-
imal improvement over successive generations.

The reasons for choosing this method can be summarized to:

• The probabilistic approach to creating the population and

offspring increases the chance of exploring distant solu-
tions in the design space, which can converge in parallel
to different local minima until the best solution is found;

• Many optimization strategies work well for continu-
ous or discrete variables, but this system operates with
binary signals for valves and continuous values for
pump/motors. The GA can assign different constraints
to each gene to overcome this, and the crossover step can
provide large variation in values, which might lead to bet-
ter exploration;

The PyGAD library [14] provides an easy-to-use framework
for applying the algorithm in different problems. It includes
standard options for gene constraints, crossover, and mutation
steps, streamlining the implementation. The user is respons-
ible for defining key parameters, such as population size, num-
ber of generations, and the fitness function.

Based on the system of equations described in the previous
section, the GA can be set to create a population with any
number of variables. This flexibility allows setting the valve
signals and solving for the pump/motor angular speeds, or vice
versa. In the more general case, both sets of values represent
the genes of each chromosome. The number, types, and con-
straints of the genes are set from the components’ parameters.

4.1 Fitness function definition

The fitness function provides a value that informs the GA on
the quality of the individual. The PyGAD library tries to max-
imize the fitness value, which can combine different calcula-
tions and checks. To determine a good solution, the primary
objective is to calculate the total power consumed or regener-
ated. The sign convention is set as: negative power represents
consumption, positive power indicates regeneration.

Some constraints perform preliminary checks before calculat-
ing the fitness values. Solutions where only one valve is open
can be given a value of −in f to indicate infeasibility. Similar
checks also exist to prevent cases where a pump/motor port is
blocked if no viable path for the flow exists, if the pressure
levels in the system are outside a certain range, or if a pump is
mainly recirculating fluid with low ∆pp.

The total power calculation is given below, where ϕP is the
power cost and is equal to Ptot, which is the total power from
the pump/motors and the pressure source. n is the number
of pumps, Tp,i is the torque and ωp,i is the angular speed of
pump/motor i, and qps and pps are the flow rate and pressure
at the pressure source, respectively. The pressure source is
assumed lossless.

ϕP = Ptot =

n∑
i=1

Tp,iωp,i+qps pps (12)

The external force applied to the system is an input that defines
the pressure levels. The actuator reference speed is the target
value, with the valve signals and pump/motor angular speeds
as the control inputs. A cost function applies a penalty to the



fitness value based on the error between the reference and ac-
tual speed, as defined below.

Here, ϕvc represents the total penalty cost due to actuator speed
errors, λvc is a weighting factor, m is the number of actuators,
and vc, j,re f and vc, j are the reference and actual speeds of actu-
ator j, respectively.

ϕvc = λvc

m∑
j=1

(vc, j,re f − vc, j)2 (13)

The weighting factor λvc is introduced to scale the speed pen-
alty value to match the magnitude of the power calculation
and is determined heuristically. The speed error is squared to
penalize larger deviations more severely.

Other penalty functions are also implemented but are not fully
described here for the sake of simplicity. They primarily per-
form infeasibility checks or eliminate undesirable operating
cases. The final fitness value is defined as the negative sum of
the preceding equations and is expressed as Φ:

Φ = −(ϕP+ϕvc ) (14)

5 Case study for a system with one actuator
and two pumps

This section presents the simulation results for the system with
two pumps and one actuator in fig. 1. There are relatively few
solutions to the problem, so it is simple to evaluate the simu-
lations outputs. Simulations with more pumps were also per-
formed, while cases with multiple actuators require different
visualization approaches and are not covered in this paper.

This paper uses a population size of 200 with 100 generations
— values determined heuristically to balance exploration, con-
vergence, and simulation time. The optimisation process is
repeated 12 times for each actuator speed/force pair, as this re-
petition tends to yield more diverse solutions and reduces the
likelihood of converging to poor local minima more effectively
than greatly increasing the population size. Multiple solutions
are also interesting when designing a control strategy as trans-
itioning solely between the optimal operating modes determ-
ined by the GA may incur significant energy costs.

5.1 Best operating mode between the 12 iterations

Figure 6 shows which operating modes lead to the best fitness
for each actuator speed and force level over the 12 iterations.
"P" and "M" are pump and motor operation, respectively, and
"-" means the machine is off. It is important to reinforce that
this is not necessarily the global optimum, but rather the best
solution found by the GA.

This graph shows the transition points between using one or
more e-pumps. The machines are sized to provide, combined,
more that the total flow required by the actuator, thus, in the-
ory, a second one would only be required when the actuator
speed is more than 0.125 m/s. Instead, the system starts the
flow sharing earlier than that, around -0.1 and 0.1 m/s with
positive external force. This indicates that the GA encounters
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Figure 6: The best operating modes for the hydraulic ma-
chines for each actuator speed/force pair.

a region where it can minimize the system losses by using two
machines at lower angular speeds.

5.2 Most frequent operating mode after 12 iterations

Defining a single operating option for the actuator’s
speed/force pair might not be ideal. This approach does not
account for switching losses and having only one option could
overly constraint the system operation. Figure 7 shows instead
which operating mode most frequently happens between the
12 iterations.

The best solution available in 6 may not always be the one that
most often happens. In fact, for some points the GA can de-
termine two or more solutions that provide quite similar results
just as often and with a small fitness difference, for instance
around low positive forces with negative speed.

At higher speeds, both machines are typically required, as the
flow demand exceeds the capacity of a single e-pump. A more
interesting region is, for example, in the second quadrant, low
positive speed and average negative force — table 1. From
fig. 6, the best solution would be to use a single machine as
a motor. However, the GA often converged to a pump-motor
(PM) strategy in fig. 7. In a dynamic control context, this
solution could be useful if both e-pumps were running before
transitioning to this operating point, thereby avoiding the need
to immediately shut down one of the machines.

5.3 Identification of regenerative cases for the best solu-
tion

Another interesting result is to analyse the pressure value
in the chambers. When regeneration occurs, both actuator’
chambers are connected to the same pump port, rising the pres-
sure values. In normal operation, the low-pressure chamber
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Figure 7: Most frequent operating mode for each pair
speed/force.

connects to PS aux, thus the value varies between 10 to 20 bar,
depending on flow direction and pressure drop in valves. Fig-
ure 8 shows the low pressure value for each operating point
and indicates which chamber is the low-pressure side.

In the regenerative regions the average actuator pressure
raises, but the e-pumps can operate at lower speeds, reducing
the power cost. This seems to be the ideal case at low positive
forces, and when the force increases, it looses relevance for
lower speeds but stays as a reasonable option at higher abso-
lute velocities.

The previous graphs are some examples of the information that
can be extracted from the simulation results. It is also possible
to identify how the flow is distributed between the e-pumps or
approximate the system losses and average system efficiency
at steady-state, for example.

6 Discussion and future work
Section 5 presented some results from the GA approach for a
MPS with a single actuator and two pumps. The same study
can be performed for a system with more e-pumps, and differ-
ent constraints can be set, like limiting operation to two quad-
rants or focusing on a certain operating region for the actuator.

The main goal of this method was to reduce the complexity
in designing a controller for a dynamic analysis. From the
results, the scope of options can be greatly reduced and it
provides better insights about which rules to implement. Thus,
the proposal here is to use the quasi-static model to estimate
the best operating modes for the system with different load
conditions, and use the different options found by the GA as a
guideline for the development of a dynamic control.

For example, an intuitive control strategy could start by using a
single pump and adding the second machine when the required
flow is too high. It is not simple to determine when to actually
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Figure 8: Low-pressure chamber values for the actuator. The
higher values indicate conditions when the system is regener-
ating by interconnecting the chambers.

add this second machine, but the outcome of the GA provides
a suggestion to determine the transition region between oper-
ating modes based on the actuator speed and force.

One of the challenges of using genetic algorithms arises from
their probabilistic nature. Since a relatively large population is
required and convergence can be slow depending on the prob-
lem, the system must be solved multiple times. A full execu-
tion of the algorithm may take days or weeks, depending on
the number of components and the number of operating points
set for the actuator, even with simplified models. Therefore,
improvements or modifications may be necessary to apply this
approach to extended architectures.

The GA could be adapted to evaluate a dynamic model and ac-
count for transition aspects during a drive cycle, but this would
greatly increase the scope of the problem and constrain the
results to the chosen case. Finding the ideal operating modes
between two speed/force points does not guarantee optimality
for the whole cycle, so the algorithm would have to account
for all possible paths and compare the total energy consump-
tion of the complete drive cycle. The probabilistic nature of
the problem would most likely make it computationally too
expensive.

Another common topic concerns global optimality. Dynamic
programming (DP) is a well-established method often applied
to analyse specific drive cycles. However, as described before,
this system contains a vast number of operating points, ren-
dering a pure DP approach computationally infeasible. The
results from the GA can be used to constrain the DP algorithm
by limiting the number of control options available. It is im-
portant to note, however, that this approach does not guarantee
global optimality.



Nevertheless, neither strategy is feasible for implementation
in an online control loop directly. The DP requires knowledge
of the whole drive cycle, while the GA needs long compu-
tational time. Their main goals is to serve as a reference ap-
proach for the development and/or comparison with other con-
trol strategies which aim to mimic the results.

6.1 Future work

The results achieved here are consistent with those in [8], sug-
gesting that the model is applicable for more complex prob-
lems. This approach is expected to be more relevant for a sys-
tem with multiple actuators, as this should bring more options
for system operation that are challenging to identify heuristic-
ally. Therefore, a key objective is to expand this analysis to
include multiple actuators and pumps.

One constraint is that increasing the system complexity dir-
ectly affects the time it takes to solve the set of equations.
While memory limitation is often not a problem for GA, com-
pared to other methods such as backward calculation or DP,
computational time is a concern. Although including more
actuators is feasible, adapting the algorithm to operate with
parallelization could accelerate the process.

Finally, a dynamic analysis based on the results of this study
can assess their practical applicability. A key question is the
impact of valve switching between operating modes and the
system’s ability to follow the optimum operating point during
different drive cycles. Additionally, GA results can support the
development of real-time control strategies to support these
studies.

7 Conclusions
This paper presented a filtering strategy to solve the combin-
atorial problem of the Multi-pump system. The large number
of valves and the continuously variable speed pump/motors
mean that the system can be controlled in different manners
and it is not immediately clear what the viable options are. A
modelling approach combined with optimisation is proposed
to determine the ideal operating conditions for the system and
to reduce the scope of options.

An algorithm was developed to generate symbolic quasi-static
equations of the MPS architecture with varying number of
pump/motors and actuators. By defining the values of certain
parameters, a numerical solver is used to calculate the other
variables, allowing for backward or forward simulation. A
Genetic algorithm is then employed to generate possible solu-
tions for the system and evaluate what control signals lead to
minimized power consumption for different combinations of
actuator speed and force.

A case study is presented for a MPS with two pumps and a
single actuator as a proof of concept. The results bring insights
regarding when the system should ideally transition between
different operating modes for the hydraulic machines, and how
to distribute the flow between them and the actuator, includ-
ing regenerative and recuperative cases. This information can
serve as a starting point for the development of a dynamic con-
trol to such a system.

Finally, the main interesting in the study of the MPS is to com-
bine the operation with multiple actuators. The method pro-
posed can be applied to extended systems, but care should be
taken regarding their complexity and the time required to solve
it. Nevertheless, the GA approach seems capable of handling
the combinatorial problem and provides insightful information
about the system behaviour that can be used for implementing
dynamic control strategies.

Nomenclature

Designation Denotation Unit

E Effort variable -
F Flow variable -
q Flow m/3/s
Dp Volumetric displacement m/3/rad
ω Angular speed rad/s
T Torque Nm
∆p Pressure difference Pa
λ Scaling factor -
A Area m/2

v Linear speed m/s2

p Pressure Pa
Cv Linear flow coefficient m3/s/

√
Pa

S On/off signal -
ϕ Cost function -
P Power W
λvc Weight factor -
Φ Total fitness value -

Subscripts

p Pump
A, B, 1, 2 Port or side A, B, 1 or 2
loss Loss value
nom Nominal value
c Cylinder (actuator)
v Valve
N Node
P Power
tot Total
ps Pressure source
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