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Abstract.

Reduced climate impact is a major topic in the mobile machinery industry, and electrification
is one of the ways to achieve that. Electrified vehicles provide new opportunities to improve the
hydraulic system design to achieve higher efficiency. A Multi-Pump System (MPS) approach
has been proposed, that provides connection paths between any hydraulic machine port to
any actuator chamber through a manifold of on/off valves. This flexibility provides multiple
alternative ways to control the system that are challenging to describe intuitively, specially
when multiple actuators are considered. This paper presents an exploration of different machine
learning algorithms for data analyses applied to the output of control optimisation of the MPS.
The results show that dimensionality reduction might not be enough to provide a visualisation
approach with clear borders between operating modes for the design of control rules. A
supervised classification approach called k-nearest neighbours (kNN) is then trained on the
optimisation results to predict the hydraulic machines operating modes based on the actuators’
states. Using part of the data for training and testing allows a measurement of the accuracy of
this approach. The accuracy of the algorithm varies between 53 % and 96 %, depending on the
parameters set for the kNN, greatly reducing the number of options to consider for the design
of a control system.

Keywords. Multi-pump system, data-driven analysis, machine learning, dimensionality
reduction, classification.

1. Introduction
The global trend of electrification and digitalisation of hydraulic systems brings opportunities
for novel subsystems architectures. Electric vehicles provide new degrees of freedom for the
design and control of these systems and also require more efficient solutions to minimise the
effects of the overall lower energy density compared to fossil fuel alternatives.

Mobile machinery hydraulic systems have traditionally relied on centralised pump architec-
tures, where multiple actuators share flow through proportional valves. When several actuators
operate simultaneously, significant energy losses occur due to throttling and flow sharing [1].
Consequently, conventional valve-controlled systems exhibit low overall efficiency. In contrast,
a comparative study between a conventional system and a self-contained electro-hydraulic
cylinder demonstrated an improvement in efficiency from 22 % to 57 % [2].

All Open Access articles are peer-reviewed, distributed under the Creative Commons
Attribution-Non Commercial 4.0 International
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An electrified vehicle can adopt similar solutions to those applied to combustion engines,
such as displacement control [3, 4]. The disadvantage is that the hydraulic machines share a
single shaft, limiting their operation to the same angular speed, thus variable displacement
is needed. Electro-hydraulic actuators (EHAs) aim to decentralise the hydraulic system and
eliminating flow sharing between actuators can improve efficiency [2, 5, 6]. The downside
is the increase in total installed power, as each EHA must be sized to provide the maximum
corresponding actuator power.

Common- or multi-pressure rail solutions can also be employed [7–9], but they typically
still required some level of throttling for finer control, although a more recent proposal
aims to achieve varying pressure levels [10]. Finally, a novel solution proposes a network of
variable-speed drives to control the hydraulic machines for multi-actuator operation and to
remove the directional valves [11–13], although sizing components and defining the ideal
short-circuits between actuators’ chambers is non-trivial.

This paper focuses on another proposal called the Multi-Pump System (MPS) [14]. The
system aims to minimise throttling losses by using only on/off valves and focuses the control
system on the variable-speed, fixed-displacement, 4-quadrant operation pump/motors. Since
the hydraulic machines can be shared between actuators and recuperation and regeneration are
available, the total installed power can be reduced.

Controlling such a system is challenging, as there are many options to achieve the same
behaviour. An optimisation strategy available in [14, 15] determined the operating conditions
that minimise power consumption for a system with a single actuator. The results can be used
to define the optimal operating conditions for the hydraulic machines based on the actuator’s
speed and force. Visualising the data and extracting control rules for this system is intuitive
[16], but each additional actuator doubles the number of dimensions to consider.

1.1. High-Dimensional Control Challenges in the Multi-Pump System
Figure 1.1 shows an example of the MPS, referred to as 3P2A, with three pump/motors
(3P), two actuators (2A), and a constant pressure source for the low-pressure line. The valve
manifold allows any pump/motor port to connect to any actuator chamber. By sharing the
hydraulic machines between the functions, the overall installed power can be reduced compared
to alternatives such as individual electro-hydraulic actuators. The system design facilitates
expansion, meaning that more actuators or hydraulic machines can be considered, which only
requires adding a row or column of valves, respectively, for each new component [14].

One drawback of this solution is that the control strategy is tightly coupled to the operating
state of each system component. The number of active hydraulic machines and their operating
modes (pump or motor) depend on the combined operating quadrants of the actuators throughout
the drive cycle. In theory, flow distribution among the hydraulic machines can be achieved in
infinitely many ways, and should account for energy recuperation and regeneration, leading to
a large number of possible configurations.

Previous research discussed how an optimisation approach can be used to explore the
control variables design space [14, 15]. Based on the actuator(s) operating points, the algorithm
can identify what are the optimal ways to distribute the flow throughout the system during
steady-state operation to minimise power consumption. The goal is to identify unusual valve
connections and define transition boundaries that determine when to activate the hydraulic
machines and how to distribute the flow between them.

The design space is reduced, but remains high-dimensional and difficult to interpret. As a
result, direct visualisation of the results might not be possible, and more structured analyses
are required. This paper presents an exploratory application of established machine learning
techniques for high-dimensional data analysis to use the optimisation results.

The characteristics and algorithms of the applied methods are not discussed in detail, as
they are will established in the literature. Mathematical descriptions and examples are provided
in [17, 18], while practical implementations in Python are presented in [19]. The methods used
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Figure 1.1: A 3P2A Multi-Pump System with three pump/motors, two actuators and a constant
auxiliary pressure line.

in this work are available in the Scikit-learn library [20], and the following descriptions are
based on these references unless stated otherwise.

2. Problem Statement and Motivation for A Machine
Learning Approach

For a system with a single actuator, the transition boundaries between operating modes are
straightforward to define due to the low-dimensional operating space, as illustrated in fig. 2.1a
for a 2P1A system. The axes represent the desired actuator speed and force–which can be
determined from the chamber pressures and the corresponding actuator areas (piston- and
rod-side).

Each speed-force combination corresponds to an optimal operating mode for the two
hydraulic machines, found by the optimisation algorithm. The two letters shown in each cell
refer to pump/motors P1 and P2, respectively: "P" indicates pump mode, "M" is motor mode,
and "-" an inactive machine. The green arrows indicate regenerative mode, when the actuator
chambers are short-circuited to reduce the required pump/motor flow. The resulting division
enables the design of a mode-based control strategy, where control decisions depend on the
region in which the operating point lies.

Figure 1.1 illustrates a system with an additional actuator and one more pump/motor, a
3P2A configuration. To maintain a high degree of freedom for control, the pump/motors are
sized so that two can provide the maximum combined actuators’ flow. The third machine, of
identical size, provides redundancy and allows the system to achieve high actuator velocities
without requiring all three machines to operate at high angular speeds.

The additional actuator introduces two extra dimensions to the input space. To reduce the
visualisation to two dimensions, a representation similar to Fig. 2.1b can be used. In this graph,
the x-axis represents pairs of actuator speed values: the first actuator’s speed is held constant
while the second actuator’s speed is varied across its discrete values. Once all values for the
second actuator have been covered, the first actuator’s speed is incremented to the next grid
level, and the process repeats. The same approach is applied to the force values.
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Figure 2.1: Optimal operating modes for two MPSs architectures: (a) 2P1A and (b) 3P2A
systems.
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Figure 2.1: Optimal operating modes for two MPSs architectures: (a) 2P1A and (b) 3P2A
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The optimisation can assign any of the pump/motors to operate at each evaluated point,
which may result in functionally redundant solutions—for example, the operating modes
P--, -P-, and --P all represent the same system behaviour. To address this, the solutions are
reorganised such that the first character always corresponds to the pump/motor with the highest
absolute angular speed, which can be assumed to be P1 in Fig. 1.1. For instance, a mode like
"-PM" would be reordered as "MP-", indicating that the machine with the highest angular
speed operates as a motor, the second as a pump, and the third is inactive.

The previous step reduces the number of combined operating modes to consider, but
defining transition criteria from the resulting graph remains challenging. While the corner
regions are relatively easy to interpret, the intermediate areas exhibit more complex and
irregular boundaries. This lack of clear separation makes it difficult to extract consistent rules
solely from the graph. Alternative arrangements of the axes values were tested, but they did
not lead to significant improvements in interpretability.

Hydraulic systems for mobile machinery often have three or more actuators, increasing the
challenge of defining the transition criteria. It is thus interesting to apply methods that can
adapt to a varying number of input variables, or for the purposes of using machine learning
terminology, the features or dimensions of the problem.

2.1. Selected Machine Learning Methods
Different machine learning algorithms could be employed to undertake this problem, which
depends on what the aim is and what information one wants to employ for the analysis. The
proposal for this paper can be summarised in the following questions:

• Which machine learning methods should be employed for the MPS problem based on the
optimisation results?

• Assuming a system plant with limited sensors and a direct application to a control system
using only the measurable variables such as actuator speed and pressure levels:

– Is it possible to summarise the available information into a bi-dimensional
representation that can be used as a guideline for the definition of rules and
transition regions for a control system?

– Can any method produce a model from the optimisation data available that can
take the necessary control decisions with satisfactory precision?

The results presented in this paper therefore focus on two complementary approaches. The
first considers dimensionality reduction approaches, which can be used for visualisation of
patterns in the data in lower dimension or to produce a simplified model of the system. The
second approach relies on supervised classification algorithms. As the operating modes are
already defined by the optimisation procedure, they can be treated as class labels, enabling the
algorithms to categorise the data based on the available input variables.

The following sections present results for the two approaches. The algorithms applied here
were selected for their illustrative value and are not necessarily optimal, as the best choice
depends on the specific problem context. This paper focuses on the dimensionality reduction
techniques Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA), as
well as the supervised classification algorithm k-nearest neighbours (kNN).

2.2. The Optimisation Results
The Genetic Algorithm (GA) employed to produce the data used in this analysis is described
in [15]. A similar process is done for the 3P2A system with varying actuator speeds and force
levels. The goal of the optimisation is to minimise power consumption at steady-state, thus
transitions between operating modes and valve switching are not accounted for.

The optimisation is performed six times for each combined operating point of the actuators
in order to limit the computational cost. The reason is that the GA is used as a stochastic,
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explorative method and does not guarantee global optimality. Instead, this optimisation problem
can exhibit multiple local minima with similar performance. From a control perspective, having
multiple feasible solutions is advantageous, as it provides flexibility when selecting operating
modes and transitioning between configurations. The operating modes presented in fig. 2.1b
refer to the best solution of the six runs.

The combined actuators’ operating points, as shown in fig. 2.1b produced a total of 1 050
points, thus totalling 6 300 optimisation runs. The values of all system variables are available
for analysis. Around 2,6 % of these points are discarded as they converged to undesired
operation conditions, e.g. with too large error in the actuators’ speeds. Thus, the following
methods are applied to a data set with a total of 6 134 points.

The 3P2A has at least four features, corresponding to the force and speed of each actuator,
but more could be employed. Assuming that in a real system only pressure levels can be
measured, the following results use the actuators’ reference speed values and pressures on each
chamber as the features for analysis. The aim is to evaluate whether this feature set is sufficient
to support control decisions at pump/motors level.

3. Dimensionality Reduction for Visualisation
The main idea with dimensionality reduction is to represent a high-dimensional data set
into fewer dimensions. Some methods focus on identifying redundant aspects of the data set
that have minimal effect on the distribution and thus could be ignored without high loss of
information. Figure 3.1 summarises the process employed in this work.

High-dimensional data

Linear projection
(PCA or LDA)

Lower-dimensional representation

Visualisation of data structure and
operating modes

Figure 3.1: Overview of the dimensionality reduction workflow using PCA and LDA.

PCA and LDA are both dimensionality reduction techniques. They create new vari-
ables—linear combinations of the original features—that aim to represent the data in fewer
dimensions. PCA is an unsupervised method that identifies directions of maximum variance
in the data, thereby spreading the data points as widely as possible. LDA, on the other hand,
is a supervised technique that uses known class labels to find directions that maximise the
separation between classes. Although LDA can also be used for classification, it is often use
for dimensionality reduction in a way that preserves the separation.

As these are linear methods, it is also possible to determine the features values from a
data point in the lower dimension space. This could be used to determine the operating modes
for a point that was not evaluated during the optimisation. Their downside is that the linear
approach may not capture the non-linear characteristics of the system, thus underperforming
regarding the data separation. Nevertheless, they can provide simple models from a data set
with a large number of inputs.
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is a supervised technique that uses known class labels to find directions that maximise the
separation between classes. Although LDA can also be used for classification, it is often use
for dimensionality reduction in a way that preserves the separation.

As these are linear methods, it is also possible to determine the features values from a
data point in the lower dimension space. This could be used to determine the operating modes
for a point that was not evaluated during the optimisation. Their downside is that the linear
approach may not capture the non-linear characteristics of the system, thus underperforming
regarding the data separation. Nevertheless, they can provide simple models from a data set
with a large number of inputs.
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Figure 3.2 shows the two-dimensional projections obtained by using the first two compo-
nents as the x- and y-axes for both PCA and LDA. In both cases, the first components describe
the dominant structure of the data, which results in the most distinct separation. Figures 3.2a
and 3.2b show the resulting data clustering for PCA and LDA, respectively.
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Figure 3.2: Visualisation of the first two components for the dimensionality reduction algorithms.

From these results, limited information can be extracted from visualisation alone, although
some initial clustering can be seen. Table 3.1 shows the explained variance (PCA Var. Ratio)
and cumulative explained variance (PCA Cum. Var.) for each PCA component, as well as the
equivalent discriminant ratios (LDA Discr. Ratio) and cumulative discriminant ratio (LDA Cum.
Discr.) for LDA. There are a total of six features, the actuators’ speeds and the pressure levels
in each chamber. Accordingly, PCA can yield up to six components, while LDA produces at
most one fewer discriminant component than the number of classes.

Table 3.1: Explained variance ratios for PCA and discriminant ratios for LDA, including
cumulative values.

Component PCA Var. Ratio PCA Cum. Var. LDA Discr. Ratio LDA Cum. Discr.
1 0,22 0,22 0,77 0,77
2 0,19 0,42 0,13 0,90
3 0,19 0,60 0,06 0,96
4 0,17 0,77 0,02 0,98
5 0,17 0,93 0,02 1,00
6 0,07 1,00 - -

The first two PCA components explain just 42 % of the total variance in the data, indicating
that a two-dimensional projection provides a limited representation of the data, as in fig. 3.2a.
LDA, on the other hand, captures 90 % of the cumulative discriminant ratio with the first
two components; however, this does not translate into clear visual separation due to the large
number of operating-mode classes and their possible overlap.

Overall, neither method yields a two-dimensional representation with clear separation
between operating modes. This might be expected, as the analysis attempts to determine the
pump/motor operating modes based only on actuators information, thus neglecting non-linear
behaviour and discontinuous characteristics of the system.
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4. Supervised Classification with K-Nearest Neighbours
An alternative approach is to use the operating modes obtained from the optimisation to train
supervised classification methods. Once trained, these models can predict the pump/motor
operating modes (classes) based only on the input variables provided during training.

The k-nearest neighbours (kNN) algorithm is selected due to its simplicity and intuitive
interpretation. For a given input point, the algorithm identifies the 𝑘𝑘 closest points in the
training data and assigns a class based on a majority vote. Two weighting strategies are
considered: uniform weighting, where all neighbours contribute equally, and distance-based
weighting, where closer neighbours have a stronger influence. Distances are computed in the
multi-dimensional feature space, allowing the method to incorporate multiple input features
simultaneously. Figure 4.1 presents the steps employed in this paper, and section 4.1 expands
on these steps.

Labelled dataset from optimisation
(inputs and operating modes)

Train–test split
(stratified, fixed random seed)

Train kNN classifier
(𝑘𝑘 , weight method, test split)

Prediction of operating modes
and accuracy evaluation

Figure 4.1: Overview of the supervised classification workflow using kNN.

4.1. Accuracy Evaluation and Hyperparameters
The classification accuracy is evaluated by dividing the dataset into separate training and test
sets. The trained model is applied to the inputs of the test set, and the predicted operating
modes are compared with those obtained originally from the optimisation.

To ensure that that all operating modes are accounted for during training, a stratification
approach is used to ensure that both training and test sets contain examples of each class.
Therefore, the data split is generated through a randomised procedure with stratification, and a
fixed random seed is used to provide the same train-test separation when comparing results
with different hyperparameters.

The parameters used and varied for the kNN classifier are:
• Number of neighbours: 𝑘𝑘 = 5.
• Weighting method: uniform or distance.
• Test set fraction: 10 %, 20 %, 30 %.

The small number of neighbours was chosen to prioritise local information. Since several
operating modes occur infrequently in the dataset, using a small 𝑘𝑘 reduces the influence of
frequent classes and distant samples, thus mitigating misclassification of rare operating modes.
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4.2. Classification Results
Table 4.1 shows the accuracy for different evaluations with kNN using the unmodified
optimisation data. One characteristic of the MPS is that it might have multiple viable solutions
for each combined operating point of the actuators. In the table, the Exact column refers to the
kNN accuracy in finding the exact operating mode determined by the optimisation runs in the
test set.

The results are also presented for the training and test sets. Using the same training set
to evaluate the kNN serves as a sanity check on the model memorisation. Generalisation is
assessed from the test set.

Table 4.1: Comparison of kNN classification accuracies (%) for different test set sizes and
weighting methods. Exact = strict accuracy, Accept. = acceptable accuracy (any valid mode for
same operating point), Top-3 = accuracy within three most probable modes.

Split Uniform weights Distance weights
Exact Accept. Top-3 Exact Accept. Top-3

Training set
10 % 68,3 95,2 99,8 100,0 100,0 100,0
20 % 67,6 94,3 99,8 100,0 100,0 100,0
30 % 67,5 93,2 99,7 100,0 100,0 100,0

Test set
10 % 54,2 90,2 98,5 58,3 94,6 98,5
20 % 54,0 89,2 98,7 58,2 95,3 99,0
30 % 53,2 86,6 98,9 57,9 94,9 99,2

In this context, the distance-weighted approach may not be ideal. If two optimisation runs
converge to the same mode for a given operating point of the actuators, the features used for
training may be identical due to model simplifications. Consequently, the test point for the
kNN algorithm may exactly match one of the training points, resulting in nearly zero distance,
as the points coincide in the feature space. This explains the 100 % accuracy for the training
set in tab. 4.1.

For the Exact columns, the accuracy varies between 53,2 %-68,3 %, which could be
misleadingly low. Since multiple solutions are viable, a more reasonable approach would be to
evaluate if the kNN determines any of the operating modes that the optimisation found for the
corresponding operating point of the actuators. These are the values in the Accept. columns,
increasing the accuracy to 86,6 %-95,3 %. This reflects the case where multiple operating
modes are interchangeable from a control perspective.

The kNN output is also not a single value, but rather a probability for each of the possible
classes. For a given actuator operating point, the highest probability mode from the kNN
may not match the one found by the optimisation, but the second or third most likely class
might. This is shown in the Top-3 column, which verifies whether any of the most probable
classes selected by the kNN corresponds to the optimisation result, moving the accuracy to
98,5 %-99,8 %.

5. Discussion
The kNN classifier is a viable approach for predicting the operating modes of hydraulic
machines. Using only reference speeds and chamber pressure values—which can be available
in real applications—the algorithm can estimate the hydraulic machines’ operating modes with
acceptable accuracy when appropriate considerations are taken into account.

Using the ranked output of the algorithm, based on neighbour votes, can also be helpful
for the control design. It greatly reduces the number of options to consider, making it possible
to efficiently evaluate which of the options would lead to fewer transition losses.
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A current limitation of this approach is that the hydraulic machines operating modes do not
cover short circuiting actuator chambers. In a dynamic system, if the external force changes, the
pressures will vary according to the current valve combination. The kNN would then provide
the operating mode that best fits the current valve setting.

Future work could therefore perform a similar analysis but focused on the valve signals,
define operating modes for the actuators, or determine short-circuited chambers from the
optimisation results. A separate kNN, or other algorithm, could then be employed to find the
viable system connections.

The dimensionality-reduction methods were also evaluated as potential preprocessing
steps. While PCA maximises variance and LDA maximises class separability assuming linear
projections, neither method improved the separability of operating modes in lower-dimensional
spaces for the kNN. This suggests that non-linear relationships in the system play a significant
role in determining the operating modes.

The next step is to apply the proposed classification to a dynamic model to evaluate how
well the control system will perform. This includes setting criteria to select the operating
mode based on neighbour vote confidence of the kNN and evaluating the model’s ability to
interpolate operating-mode decisions for actuator conditions not covered during training.

5.1. Other Machine Learning Methods and Possible Applications
Other machine learning methods exist but were not considered in this work. Unsupervised
clustering and classification are not suitable in this case, as the classes-corresponding to
operating modes- are already defined based on the torque and angular speed values obtained
from the optimisation.

Neural networks and reinforcement learning are also commonly used approaches but were
outside the scope of this study. These methods typically require large datasets for training, and
parameter tuning is challenging as they are, in a way, complex optimisation problems. One
of the objectives of this work was to identify a compromise between model capability and
practical application, favouring methods that are easier to implement while still capable of
supporting the control decision process.

Regression methods were also considered but not explored in this paper. No satisfactory
compromise was found for the development of a simple yet reliable model based on limited
inputs. A possible explanation is that information from the actuators is transmitted to the
pump/motors through the valve manifold, and relevant details are lost when valve states are not
included. This does not mean that the approaches are not viable, but rather that a more detailed
analysis is required.

6. Conclusion
A Multi-Pump System poses a combinatorial control problem due to the large number of
possible connections between hydraulic machines and actuators. While optimisation can
identify power-efficient operating modes, the direct use of optimisation results in a control
strategy is impractical.

This work showed that linear dimensionality-reduction techniques such as PCA and LDA
are insufficient to achieve a clear separation of operating modes for a 3P2A MPS, due to the
non-linear characteristics of the system. This motivated the use of a supervised classification
approach. A kNN classifier was therefore applied to map operating conditions to operating
modes. The achieved accuracy ranged from 53.2 % to 99.5 %, depending on whether exact
operating mode prediction or the identification of a feasible alternative was required.

The results show that, although low-dimensional projections are insufficient for direct
interpretation, supervised classification can be used as a tool to analyse and structure
optimisation outcomes. Further work is required to assess the robustness of this approach
for operating points outside the training data and to evaluate its relevance when applied in a
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dynamic or control-oriented context. In addition, the current approach does not address other
aspects of the control process, such as valve configurations or the conditions to short-circuit
actuator chambers, which might be necessary for a effective design of the control system.

7. References
[1] L. Lynch and B. T. Zigler, ‘Estimating Energy Consumption of Mobile Fluid Power

in the United States’, en, Tech. Rep. NREL/TP–5400-70240, 1408087, Nov. 2017.
doi: 10.2172/1408087.

[2] D. Hagen, D. Padovani, and M. Choux, ‘A Comparison Study of a Novel Self-
Contained Electro-Hydraulic Cylinder versus a Conventional Valve-Controlled
Actuator—Part 2: Energy Efficiency’, en, Actuators, vol. 8, no. 4, p. 78, Dec. 2019,
issn: 2076-0825. doi: 10.3390/act8040078.

[3] T. Patel, L. D. S. Franquilino, A. Vacca, and C. Young, ‘Comparison Study of Fully
Individualized System Architectures for Electrified Mini-Excavators: Displacement
Control (DC) vs. Electro-Hydraulic Actuation (EHA)’, en, in 14th International
Fluid Power Conference, Dresden, Germany: River Publishers, 2024, pp. 22–36,
isbn: 978-87-7004-222-2. doi: 10.13052/rp-9788770042222C02.

[4] D. Fassbender, C. Brach, and T. Minav, ‘Energy-Efficiency Comparison of Different
Implement Powertrain Concepts to Each Other and Between Different Heavy-Duty
Mobile Machines’, in International Journal of Fluid Power, Jul. 2024, pp. 127–144.
doi: 10.13052/ijfp1439-9776.2521.

[5] F. Wang, J. Wu, Z. Lin, H. Zhang, and B. Xu, ‘A power-sharing electro-hydraulic
actuator system to downsize electric motors for electric mobile machines’, Energy,
vol. 284, p. 129 343, Dec. 2023, issn: 0360-5442. doi: 10.1016/j.energy.2023.
129343.

[6] P. Casoli, F. Scolari, C. M. Vescovini, and M. Rundo, ‘Energy Comparison
between a Load Sensing System and Electro-Hydraulic Solutions Applied to a
9-Ton Excavator’, en, Energies, vol. 15, no. 7, p. 2583, Jan. 2022, Number: 7
Publisher: Multidisciplinary Digital Publishing Institute, issn: 1996-1073. doi:
10.3390/en15072583.

[7] K. Heybroek, ‘On Energy Efficient Mobile Hydraulic Systems : with Focus on
Linear Actuation’ (Linköping Studies in Science and Technology. Dissertations),
en. Linköping: Linköping University Electronic Press, Nov. 2017, vol. 1857, isbn:
978-91-7685-511-9. doi: 10.3384/diss.diva-142326.

[8] Z. Xu, M. Bertolin, A. Vacca, and J. Nilsson, ‘A Hydraulic Architecture Based
on Multi-common Pressure Rail Principle Using Multi-chamber Cylinders for
Excavators’, en, in Advancements in Fluid Power Technology: Sustainability,
Electrification, and Digitalization, L. Ericson and P. Krus, Eds., Series Title: Lecture
Notes in Mechanical Engineering, Cham: Springer Nature Switzerland, 2025,
pp. 339–356, isbn: 978-3-031-84504-8 978-3-031-84505-5. doi: 10.1007/978-
3-031-84505-5_22.

[9] J. Wills and P. Y. Li, ‘Comparison of Real-Time Pressure Rail Selection Algorithms
for the Hybrid Hydraulic Electric Architecture: Case Study on a Track Loader’, in
BATH/ASME 2024 Symposium on Fluid Power and Motion Control, Bath, United
Kingdom: American Society of Mechanical Engineers, Sep. 2024, V001T01A027,
isbn: 978-0-7918-8819-3. doi: 10.1115/FPMC2024-140443.

[10] X. Guo, J. Lengacher, and A. Vacca, ‘A Variable Pressure Multi-Pressure Rail
System Design for Agricultural Applications’, en, Energies, vol. 15, no. 17, p. 6173,
Jan. 2022, Number: 17 Publisher: Multidisciplinary Digital Publishing Institute,
issn: 1996-1073. doi: 10.3390/en15176173.



12

[11] L. Schmidt and K. V. Hansen, ‘Electro-Hydraulic Variable-Speed Drive Net-
works—Idea, Perspectives, and Energy Saving Potentials’, en, Energies, vol. 15,
no. 3, p. 1228, Feb. 2022, issn: 1996-1073. doi: 10.3390/en15031228.

[12] L. Schmidt, M. v. Binsbergen-Galán, R. Knöll, M. Riedmann, B. Schnei-
der, and E. Heemskerk, ‘Energy Efficient Excavator Implement by Electro-
Hydraulic/Mechanical Drive Network’, en, International Journal of Fluid Power,
pp. 413–438, Dec. 2024, issn: 2332-1180. doi: 10.13052/ijfp1439-9776.2541.

[13] M. van Binsbergen-Galán, B. Videbæk, K. Vorbøl Hansen, and L. Schmidt,
‘Experimental Investigation of Hydraulic Power Sharing Potential in a Dual
Cylinder Electro-Hydraulic Variable-Speed Drive Network’, en, American Society
of Mechanical Engineers Digital Collection, Oct. 2024. doi: 10.1115/FPMC2024-
140322.

[14] A. Tozzi De Cantuaria Gama, ‘Multi-Pump Systems for Electrified Mobile Machin-
ery : Addressing Combinatorial Control Complexity through Simulation-Based
Optimisation’ (Linköping Studies in Science and Technology. Licentiate Thesis).
Linköping: Linköping University Electronic Press, Dec. 12, 2025, vol. 2022, 64 pp.,
isbn: 978-91-8118-303-0. doi: 10.3384/9789181183047.

[15] A. Tozzi de Cantuaria Gama, S. Kärnell, and L. Ericson, ‘The Multi-Pump System
Combinatorial Problem: A Filtering Approach Using Genetic Algorithms’, en,
in The 19th Scandinavian International Conference on Fluid Power, SICFP’25,
Linköping University, Sweden: River Publishers, 2025, isbn: 978-87-438-0825-1.
doi: 10.13052/rp-9788743808251A33.

[16] S. Kärnell, A. Tozzi De Cantuaria Gama, and L. Ericson, ‘Control of Multi-Pump
Systems’, in Volume 6: 19th International Conference on Micro- and Nanosystems
(MNS); 21st International Conference on Multibody Systems, Nonlinear Dynamics,
and Control (MSNDC); 37th Conference on Mechanical Vibration and Sound (VIB);
38th Fluid Power and Motion Control Symposium (FPMC), Anaheim, California,
USA: American Society of Mechanical Engineers, Aug. 2025, V006T12A017, isbn:
978-0-7918-8926-8. doi: 10.1115/DETC2025-164506.

[17] S. L. Brunton and J. N. Kutz, ‘Data-driven science and engineering: machine
learning, dynamical systems, and control’, eng. Cambridge University Press, 2019,
isbn: 978-1-108-42209-3.

[18] G. James, D. Witten, T. Hastie, R. Tibshirani, and J. E. Taylor, ‘An introduction to
statistical learning: with applications in Python’ (Springer texts in statistics), eng.
Cham: Springer, 2023, isbn: 978-3-031-38747-0.

[19] A. Géron, ‘Hands-on machine learning with Scikit-Learn, Keras, and TensorFlow:
concepts, tools, and techniques to build intelligent systems’, eng, Second edition.
O’Reilly, 2019, isbn: 978-1-4920-3261-8.

[20] F. Pedregosa et al., ‘Scikit-learn: Machine learning in Python’, Journal of Machine
Learning Research, vol. 12, pp. 2825–2830, 2011. doi: 10.48550/arXiv.1201.
0490.



12

[11] L. Schmidt and K. V. Hansen, ‘Electro-Hydraulic Variable-Speed Drive Net-
works—Idea, Perspectives, and Energy Saving Potentials’, en, Energies, vol. 15,
no. 3, p. 1228, Feb. 2022, issn: 1996-1073. doi: 10.3390/en15031228.

[12] L. Schmidt, M. v. Binsbergen-Galán, R. Knöll, M. Riedmann, B. Schnei-
der, and E. Heemskerk, ‘Energy Efficient Excavator Implement by Electro-
Hydraulic/Mechanical Drive Network’, en, International Journal of Fluid Power,
pp. 413–438, Dec. 2024, issn: 2332-1180. doi: 10.13052/ijfp1439-9776.2541.

[13] M. van Binsbergen-Galán, B. Videbæk, K. Vorbøl Hansen, and L. Schmidt,
‘Experimental Investigation of Hydraulic Power Sharing Potential in a Dual
Cylinder Electro-Hydraulic Variable-Speed Drive Network’, en, American Society
of Mechanical Engineers Digital Collection, Oct. 2024. doi: 10.1115/FPMC2024-
140322.

[14] A. Tozzi De Cantuaria Gama, ‘Multi-Pump Systems for Electrified Mobile Machin-
ery : Addressing Combinatorial Control Complexity through Simulation-Based
Optimisation’ (Linköping Studies in Science and Technology. Licentiate Thesis).
Linköping: Linköping University Electronic Press, Dec. 12, 2025, vol. 2022, 64 pp.,
isbn: 978-91-8118-303-0. doi: 10.3384/9789181183047.

[15] A. Tozzi de Cantuaria Gama, S. Kärnell, and L. Ericson, ‘The Multi-Pump System
Combinatorial Problem: A Filtering Approach Using Genetic Algorithms’, en,
in The 19th Scandinavian International Conference on Fluid Power, SICFP’25,
Linköping University, Sweden: River Publishers, 2025, isbn: 978-87-438-0825-1.
doi: 10.13052/rp-9788743808251A33.

[16] S. Kärnell, A. Tozzi De Cantuaria Gama, and L. Ericson, ‘Control of Multi-Pump
Systems’, in Volume 6: 19th International Conference on Micro- and Nanosystems
(MNS); 21st International Conference on Multibody Systems, Nonlinear Dynamics,
and Control (MSNDC); 37th Conference on Mechanical Vibration and Sound (VIB);
38th Fluid Power and Motion Control Symposium (FPMC), Anaheim, California,
USA: American Society of Mechanical Engineers, Aug. 2025, V006T12A017, isbn:
978-0-7918-8926-8. doi: 10.1115/DETC2025-164506.

[17] S. L. Brunton and J. N. Kutz, ‘Data-driven science and engineering: machine
learning, dynamical systems, and control’, eng. Cambridge University Press, 2019,
isbn: 978-1-108-42209-3.

[18] G. James, D. Witten, T. Hastie, R. Tibshirani, and J. E. Taylor, ‘An introduction to
statistical learning: with applications in Python’ (Springer texts in statistics), eng.
Cham: Springer, 2023, isbn: 978-3-031-38747-0.

[19] A. Géron, ‘Hands-on machine learning with Scikit-Learn, Keras, and TensorFlow:
concepts, tools, and techniques to build intelligent systems’, eng, Second edition.
O’Reilly, 2019, isbn: 978-1-4920-3261-8.

[20] F. Pedregosa et al., ‘Scikit-learn: Machine learning in Python’, Journal of Machine
Learning Research, vol. 12, pp. 2825–2830, 2011. doi: 10.48550/arXiv.1201.
0490.

13

Biographies

Artur Tozzi de Cantuaria Gama. He received his M.Sc. degree in Mechanical Engineering
from the Federal University of Santa Catarina (UFSC), Brazil, in 2020. He is currently pursuing
doctoral studies in Fluid and Mechatronic Systems at Linköping University (LiU), Sweden.
His research interests include simulation and control of multi-pump systems for electrified
mobile machinery, optimisation, and machine learning.

Samuel Kärnell. He received his Ph.D. in Hydraulics at Linköping University (LiU), Sweden,
in 2022. He currently works as a Assistant Professor at Fluid and Mechatronic Systems at
LiU. His research interests include pump and motor design, electro-hydraulic systems, and
electrification of mobile machinery.

Liselott Ericson. She received her Ph.D. in Hydraulics at Linköping University (LiU), Sweden,
in 2012. She currently works as a professor at Fluid and Mechatronic Systems at LiU. Her
research interests include pump and motor design, electro-hydraulic systems, modelling and
simulation, and optimisation.


