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A B S T R A C T

This work addresses the non-linear and complex optimization challenges in digital hydraulic flow control, where 
piecewise behaviors and unpredictable interactions make traditional optimization methods impractical for 
presented system with continuous inputs. The study aims to promote real-time application of artificial intelli
gence algorithms for system optimization. Most off-highway construction and agriculture equipment use hy
draulic valve manifolds, which offer unmatched power density and dynamics, excelling over electro actuators in 
high-capacity applications. The growing demand for more efficient and accurately controlled autonomous heavy 
machinery has driven the need for steady and precise flow control systems with reduced pressure drop. However, 
managing flow and pressure fluctuations when switching valves remains a significant challenge.

The proposed agent effectively mitigates flow fluctuations by interactively refining valve-timing decisions over 
tens of thousands of possible actions. Validated under approximately 90 % of available conditions and tested 
against unseen pressure values, the agent achieved a median integrated flow error of less than 0.5 cm³, show
casing its potential for AI-driven optimization in digital hydraulic systems.

1. Introduction

1.1. Challenges for managing flow fluctuations in digital hydraulic 
systems

Traditional proportional and torque motor valves have been widely 
employed in high-flow hydraulic systems; however, these technologies 
suffer from inherent limitations, including slow dynamic response, high 
cost, sensitivity to contamination, and mechanical complexity. To 
overcome these drawbacks, Digital Hydraulic (DH) valves have emerged 
as a promising alternative, offering improved versatility, reliability, and 
efficiency in flow and pressure control (Sciatti et al., 2024).

Nonetheless, digital hydraulic systems, especially those employing 
parallel-connected valves in pulse code modulation (PCM) configura
tions, consistently experience unpredictable flow fluctuations and 
abrupt pressure spikes, negatively impacting system efficiency 
(Laamanen et al., 2007). Despite extensive investigation over the past 
two decades, effective solutions remain limited. Consequently, some 
researchers have resorted to complex, valve-intensive approaches, such 
as dense valve manifolds and overburdened configurations (Ozalp et al., 
2021). Previous studies attempting to mitigate these problems often 

relied on costly or elaborate measures, as summarized comprehensively 
in the review article by (Lu, 2020), underscoring the urgent need for 
simpler and more cost-effective strategies.

1.1.1. Binary valve control in digital hydraulics
Digital Hydraulic systems with parallel-connected valves utilize 

multiple on/off valves, where each valve corresponds to a binary bit, 
enabling quantized control of the flow rate. For a Digital Flow Control 
Unit (DFCU) with n valves, the total controlled flow rate Q is given by: 

Q =
∑n− 1

i=0
ui⋅2i⋅q0. (1) 

Where ui is the binary state (1: open, 0: closed) of the i-th valve, and 
q0 is the smallest (base) flow unit of the ideal DFCU. PCM in digital 
hydraulics involves encoding flow rates using binary valve states 
(ON : 1⋅ 2i⋅q0 or OFF : 0⋅ 2i⋅q0), with valve capacities following binary 
progression (e.g., q0, 2q0, 4q0, …). This method provides high- 
resolution control with minimal hardware complexity, allowing for 
rapid selection of the valve combination for the desired flow rate 
(Valmet, 2016). As an illustrative example, consider a PCM system with 
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6 valves (as analyzed in this study). Each valve i has a flow capacity of 
2i⋅q0. If all valves are open, the corresponding binary state vector is U =
[1, 1, 1,1, 1,1] and the total flow rate can be calculated as Q = 1⋅20⋅q0 +

1⋅21⋅q0 + 1⋅22⋅q0 + 1⋅23⋅q0 + 1⋅24⋅q0 + 1⋅25⋅q0 = 63⋅q0.

1.1.2. Mitigating flow and pressure fluctuations
In PCM digital hydraulic systems, pressure peaks (Fig. 1) are a 

persistent issue. These peaks occur because on/off valves do not switch 
simultaneously due to inherent variations in their response times, 
causing temporary flow rate mismatches during state transitions. This 
flow rate error leads to pressure peaks (Laamanen et al., 2005). The 
resulting flow rate summation error ΔQE(t) during valves transitions can 

be described as ΔQE(t) =
(∑

j∈O

[
Qj⋅fj(t)

]
−
∑

j∈C

[
Qj⋅fj(t)

])

actual
−

Qdesired(t), where O and C represent the set of indices j corresponding to 
valves opening or closing. Qj is the flow capacity of the j-th valve, and 
fj(t) is a time-dependent function describing the valve opening or closing 
behavior.

The state equation for pressure change is given by: dp(t)
dt =

β
V⋅ΔQ(t), 

where β is the bulk modulus, and V is the fluid volume of the studied 
chamber. Rearranging, the pressure peak caused by timing discrepancies 

becomes: Δp(t) = β
V

∫ t

0
ΔQ(t) dt (Laamanen et al., 2005). To mitigate 

pressure peaks, reducing the system β (compressibility creates transient 
delays (Chapple, 2014)) or minimizing V can help, but these are often 
constrained by system requirements. Therefore, the primary strategy is 
to reduce flow mismatches during valve transitions. A traditional 
approach in digital hydraulics is to use a cost function-based controller 
that penalizes switching sequences likely to cause pressure spikes. 
However, this often results in a trade-off between minimizing pressure 
peaks and maintaining flow accuracy (Laamanen et al., 2007).

1.1.3. Addressing system fluctuations in advanced hydraulic systems
Pressure fluctuations and flow disturbances are challenges across 

various hydraulic applications. In open-loop independent metering 
control systems with multiple actuators, mode shifts during operation 
often introduce significant disturbances, leading to pressure fluctuations 
(Huova et al., 2020). Similarly, a group of researchers in Industrial and 
Heavy Machinery (Yang et al., 2023) highlights that poor valve timing 
contributes to substantial pressure fluctuations. In multi-chamber ac
tuators, unsynchronized valve actions directly cause abrupt pressure 
spikes. To combat this, research from Linköping University and the 
Federal University of Santa Catarina (Raduenz et al., 2022) emphasize 
the importance of precise and coordinated valve control strategies to 
stabilize pressure and maintain system efficiency.

Digital displacement pumps (Chenggang & Pan, 2024) can benefit 
from synchronized valve operations to address delay effects, as opti
mizing low and high pressure valve timing mitigates backflow and ef
ficiency losses. Pneumatic systems similarly benefit from synchronized 
valve operations, which have been shown to reduce pressure variations 

and enhance energy efficiency (Padovani & Barth, 2018). In aerospace 
applications, especially digital hydraulic actuators, poor synchroniza
tion can cause severe pressure peaks or cavitation, highlighting the need 
for precise timing (Mantovani et al., 2020).

These examples highlight the crucial role of valve timing and syn
chronization in reducing system fluctuations in transient states. Effec
tive control strategies are key to ensuring stability and efficiency in 
modern hydraulic systems.

1.2. Literature on optimization approaches to mitigate flow fluctuations

1.2.1. Valve synchronization optimization problem definition
A key approach to optimizing DFCU performance and minimizing 

flow errors during transitions is to manage valve response times. This 
involves introducing artificial delays, tAr,k, for the k-th valve (especially 
faster ones) to compensate for response time differences. The problem 
can be formalized as: 

min
tAr,k

ΔQE(t)

Constraints : tmin < tAr,k < tmax ∀k (2) 

Where optimization is constrained to discrete delay values bounded 
by system limitations. The chosen algorithm must be fast, adaptable for 
real-time adjustments (a direction for future research), and robust 
against variations in circuit pressure, temperature, and valve charac
teristics (Elsaed & Linjama, 2024c). Moreover, the nonlinear relation
ship between artificial induced delay times and system performance 
requires specialized optimization algorithms. As the system has multiple 
valves, the problem becomes multi-variable, with the potential for 
multiple feasible solutions, necessitating efficient techniques to find 
optimal or near-optimal solutions.

1.2.2. Possible optimization algorithms
To address valve synchronization optimization, various algorithms 

perform well on similar problems, but none guarantee superior results 
for this specific case, making algorithm selection crucial, especially with 
limited computational resources.

One option is to use classical optimization methods (Gradient-Based 
and Gradient-Free), like gradient descent, nonlinear programming, dy
namic programming, or the Lagrange multiplier method. A recent 
discrete optimization study used dynamic programming in Digital pumps 
with fast valves, however it faces high computational costs that grow 
exponentially with the number of states, making it impractical for real- 
time control in systems with high valve counts (Larsson et al., 2022). 
These deterministic algorithms are effective for finding exact or 
approximate solutions in well-structured problems with mathematically 
defined objectives and constraints, which is not achievable in most hy
draulic applications.

More promising potential is approximate algorithms, which are 
classified into problem-dependent heuristics and metaheuristics (MHs) 
(Karimi-Mamaghan et al., 2022). Heuristics are designed for specific 
optimization problems, while MHs are general algorithms applicable to 
a wide range of problems. MHs operate by repeated objective function 
evaluations without using gradient information (Gradient-Free), aiming 
to find a global optimum. Although they don’t guarantee optimal per
formance, they are effective in solving complex problems, particularly 
combinatorial optimization problems. MHs can be memoryless, like 
Genetic Algorithms (GA) and Simulated Annealing (SA), or they can use 
memory, as in Tabu Search (TS), to avoid repetitive decisions. Addi
tionally, MHs can be deterministic (e.g., TS) or stochastic (e.g., GA, SA). 
MHs are also categorized as single-solution-based (e.g., TS, SA) or 
population-based (e.g., GA, Particle Swarm Optimization), depending 
on whether they evolve a single solution or a population of solutions.

Fig. 1. Peaks (Crest or Trough) during valves transitions in a PCM-Based DFCU 
(n = 2). For illustration purposes only.
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1.2.3. Nominated Tabu search and genetic algorithm as evaluating 
benchmarks

Tabu Search, introduced by Fred W. Glover, is a metaheuristic known 
for strong local search and quick convergence. Unlike traditional 
methods, such as steepest descent, TS accepts non-improving solutions 
to escape local optima and uses a tabu list to prevent revisiting previous 
solutions, promoting exploration. This makes TS effective for large-scale 
combinatorial optimization (Karamichailidou et al., 2021), where the 
goal is to identify the best solution from a finite set of possibilities. For 
example, (Hafeez et al., 2021) applied TS to optimize decision tree pa
rameters, framing it as a discrete optimization task aimed at minimizing 
errors and improving accuracy.

Genetic Algorithm, falling under the umbrella of evolutionary algo
rithms, is a more advanced and popular MH optimization method. It 
optimizes through selection, crossover, and mutation. In the field of 

digital hydraulics, GA has been applied to optimize solenoid actuator 
response times while satisfying energy and size constraints (Pellikka 
et al., 2011). At Tampere University, GA was further utilized to improve 
energy efficiency in multi-pressure hydraulic systems by identifying 
optimal control trajectories that minimized steady-state throttling and 
switching losses during mode transitions (Huova & Linjama, 2022). 
However, some researchers have noted that while GAs are powerful for 
real-world problems, they can struggle with large solution spaces and 
numerous local optima, and may not reliably find the global optimum 
(D’Angelo & Palmieri, 2021). (Fig. 2)

1.2.4. Exploiting reinforcement learning for solving optimization problems
Unlike MHs methods, which are mainly designed for static optimi

zation problems and often require significant computational effort to 
adapt to dynamic changes, Machine Learning (ML) dynamically learns 

Fig. 2. Typical structure for Tabu search and genetic algorithm.

Fig. 3. Selected collection of optimization methods for the addressed problem, with nominated algorithms highlighted in blue.
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optimal actions through feedback, making it better suited for problems 
where system conditions or objectives evolve continuously. Optimiza
tion algorithms seek to maximize or minimize an objective function, 
while ML involves developing algorithms that improve performance 
through experience and adapt to new tasks. Recently, integrating ML 
techniques with MHs has gained significant attention (Bengio et al., 
2021).

A key area of ML relevant to optimization is Reinforcement Learning 
(RL), where an agent learns to make decisions by interacting with its 
environment and maximizing feedback rewards. RL algorithms typically 
operate in two phases: (1) the training phase, where the distinction 
between policy being learned is the same as the policy used to generate 
data (on-policy) or different (off-policy) is relevant, and (2) the inference 
phase, where the learned policy—whether value-based or policy-base
d—is used to make decisions in the environment.

Neural networks, particularly within reinforcement learning (RL), 
have been widely used for combinatorial optimization (Garmendia 
et al., 2022). Unlike supervised learning, which relies on large labeled 
datasets requiring domain expertise, RL methods derive knowledge 
directly from interaction, eliminating the need for labeled data and 
enhancing adaptability to new problems (Wang et al., 2024). (Fig. 3)

1.2.5. Single Step (No Transition) RL Approach
Deep Reinforcement Learning (DRL) has improved complex 

decision-making, especially in state-independent (single-step) scenarios, 
though its full effectiveness is still under evaluation (Viquerat et al., 
2023). Standard RL is inefficient for single-step tasks, requiring preci
sion adjustments. One study tackled this inefficiency by using an 
improved TD3 for better sample efficiency (Luo et al., 2023), applying a 
single action per episode with environment resets to its initial state, 
similar to our problem setup.

Viquerat’s team (Renault et al., 2023) proposed single-step Proximal 
Policy Optimization (PPO-1) for state-independent gas furnace control 
and later introduced Policy-Based Optimization (PBO) (Viquerat et al., 
2023), a single-step DRL algorithm inspired by evolution strategies to 
enhance efficiency. In another example, (Fricke et al., 2023) applied RL 
to optimize flow channel shapes in extrusion dies, aiming for one-step 
geometry optimization per episode, though achieving it in one episode 
was not mandatory. Additionally, (Kharrat et al., 2024) introduced a 
stateless actor-critic RL approach within a continuum bandit framework, 
designed for continuous-action optimization, emphasizing efficient 
prompt generation without relying on state transitions or future re
wards. Although Policy-gradient algorithms such as PPO-1 and PBO can 

be applied to discrete action spaces, our optimization problem is 
intrinsically a single-step contextual bandit. Adopting a bandit formu
lation enables straightforward value updates and avoids the high vari
ance in gradient estimates and the intensive hyperparameter tuning 
typically associated with policy-gradient methods.

In the contextual multi-armed bandit field, related work includes 
Contextual Multi-Armed Bandit with Deep Reward Prediction 
(Stylianopoulos et al., 2022), Contextual Multi Arm Bandit with Deep 
Q-Network (Z. Li & Ai, 2023) and Neural Network-based Bandit ap
proaches (Raghuwanshi et al., 2024). Thompson-sampling variants such 
as the neural-linear bandit choose actions by sampling from a Bayesian 
posterior and then updating a full covariance matrix— an operation the 
authors flag as the chief computational bottleneck (Russo et al., 2018). 
To avoid this cubic-time burden, this article adopts a lighter ε-greedy 
deep contextual-bandit algorithm that achieves modest accuracy with 
faster learning and far smaller memory requirements. (Fig. 4)

1.3. Objective, novelty, limitations and structure

Purpose and framework
This study aims to develop an interaction-based optimization 

method to minimize flow fluctuations during transient states in Digital 
Hydraulic systems, with a strong potential for real-world implementa
tion. To the best of the authors’ knowledge, this is the first study to apply 
a Deep Contextual Bandit (DCB) framework to digital flow regulators 
incorporating both direct and pilot-operated valves or to mitigate flow 
fluctuations. The approach is specifically tailored for the largest Digital 
Flow Control Unit ever presented, which escalates dramatically the issue 
of fluctuations.

Readers should differentiate between three cases: (1) multi-step ep
isodes without resets, including those with single-step lookahead (Mnih 
et al., 2015), which are not our focus; (2) single-instance learning, where 
decisions are sequential and impact the same problem instance—out of 
scope (Bengio et al., 2021); (3) single-step, multi-episode learning (in 
scope), where inputs are independent, with no state transitions between 
episodes.

Limitations
Several limitations are acknowledged. First, the differential pressure 

across the valves is capped at 20 bar to avoid exponential flow increases. 
Second, flow variation is constrained by the physical dynamics of the 
valves and the controller response time. Third, although temperature is 
known to influence hydraulic fluid viscosity and valve dynamics, it is not 

Fig. 4. Sequential decision making: single step reinforcement learning cycle with environment reset.

E. Elsaed and M. Linjama                                                                                                                                                                                                                     Machine Learning with Applications 21 (2025) 100685 

4 



considered in this study, however its implementation methodology was 
briefly discussed. Fourth, the current policy assumes nominal valve 
response characteristics. If ageing causes the valve to respond more 
slowly over time, the pre-trained delay policy may become suboptimal, 
as no online adaptation or drift-tracking mechanism is included. These 
exclusions are intentional to isolate and focus on the dominant variables 
affecting flow synchronization. Finally, this study uses streamlined 
optimization to address system limits without complex algorithms var
iations or hardware changes.

Outline
Given the insights from Sections 1.1 and 1.2, the following steps are 

taken to address the synchronisation issue: 

• Section 2: Problem Setup – System description and objective 
definition.

• Section 3: Discrete Optimization Implementation – Highlights Tabu 
Search and Genetic Algorithm.

• Section 4: Proposed Approach – Description of the developed RL 
method.

• Section 5: Evaluation – Performance testing and comparison with 
benchmarks.

2. Mathematical modeling and peaks explaining

2.1. Proposed system configuration

2.1.1. General design criteria
The proposed DFCU is designed to match the flow–pressure perfor

mance (Q − Δp) characteristics of NG25 two-way, two-position pilot- 
operated proportional valves. Comparable devices include the Parker 
TDA, Rexroth 2WFC, and Vickers CVU-**-EFP1 valves, which typically 
offer flow capacities of approximately 350 LPM at Δp = 5 bar. High 
performance valves such as the Parker TFP can reach up to 650 LPM 
(NG25). However, they require significant pilot pressure, where the 
proposed DFCU require minimal control pressure. Given this analysis, 
the DFCU targets an average flow rate of Qtarget = 500 LPM, forming the 
First design constraint. The Second constraint focuses on matching the 
precision control of high-end pilot-operated solenoid proportional 
valves, with an error band ∈ of 2% to 4%. In a binary-coded DFCU, the 
error is calculated as the ratio of the largest difference between two 
successive flow steps to the maximum flow. The largest difference be
tween two successive flow steps in an ideal DFCU is the base flow unit 
q0.

A search grid is constructed to explore different configurations of 
binary valves n and base flow rates q0(n) =

Qtarget
2n − 1. Calculating the 

approximate total flow Qapprox(n) = q0(n)⋅(2n − 1) and their inaccura
cies error(n) = q0

Qapprox 
for each setup. The optimal solution noptimal involved 

6 binary valves, with a base flow rate of q0optimal ≈ 8 LPM yielding a total 
flow of Qapprox = 504 LPM and an error margin of ∈ = 1.6 ░%, well 
within the acceptable range. Due to system constraints, a semi-binary 
valve configuration was adopted, with valve ratios V1 : V2 : V3 : V4 :

V5 : V6 = 1 : 1.9 : 4.6 : 9.4 : 13 : 16 (Although not fully implemented, 
it is recommended that each valve be nearly less than twice the size of 
the previous one (Laamanen et al., 2007). This setup achieves a flow rate 
of 363 LPM with a 4% error, meeting the upper limit. Unlike the ideal 

Fig. 5. Transition maps between valve states in a 6-Valve DFCU. (A) Ideal configuration using uniform binary steps; (B) Actual configuration based on semi-binary 
valve sizing, mapped to physical flow rates [LPM]. Each point represents a valid transition between initial and final flow states.

Table 1 
Specifications of valves used in the DFCU (n = 6).

Main 
Valves

Nominal 
Flow LPM @ 
ΔP 5bar

Operation Orifice / 
Stroke

Manufacturer

DV1 8 Direct Operated 
poppet

2.8 mm 
orifice.

Enhanced 
WS22GD-** 
Bucher 
Hydraulics

DV2 15 Direct Operated 
poppet

4 mm 
orifice.

DV3 37 Direct Operated 
poppet

none

POV4 75 Pilot Operated NG16 
actuated by the 
Enhanced pilot valves 
WS22GD: In-PV4, and 
Out-PV4

3.1 mm 
stroke.

Rexroth LC valve 
with LFA-HWM 
cover.

POV5 104 Pilot Operated NG16 
actuated by the 
Enhanced pilot valves 
WS22GD: In-PV5, and 
Out-PV5

4.3 mm 
stroke.

POV6 125 Pilot Operated NG16 
actuated by the 
Enhanced pilot valves 
WS22GD: In-PV6, and 
Out-PV6

5.2 mm 
stroke.
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PCM system with a doubling ratio of 1 : 2 : 4 : 8 : 16 : 32 and a theo
retical resolution of 63[ − ], this configuration balances practical limi
tations while striving to meet performance goals.

2.1.2. System representation
The binary states of the valves and the corresponding flow rates can 

be described as follows: Each configuration represents a unique com
bination of flow settings across six valves, resulting in 2n = 64 different 
flow “states” (including zero), and each state can transition to 2n − 1 
(excluding itself) other state, yielding (2n) × (2n − 1) = 4032 flow shifts 
as illustrated in Fig. 5. However, exactly 2702 of these transitions cause 
pressure peaks in a DFCU (n = 6). This number was calculated by 
identifying cases where at least two valves switch states in opposite 
directions, leading to either a temporary flow increase (crest) or decrease 
(trough), similar to wave patterns.

The operational characteristics of the selected valves are key to un
derstanding the system response. Direct-operated valves (DVs), and 
similarly Pilot valves (PVs) exhibit switching times of 21 ms (open) and 
14 ms (close), based on the experimental results of (Ketonen & Linjama, 
2017). Pilot-operated valves (POVs) show a slight delay of less than 5ms, 
as observed in simulation studies (Elsaed & Linjama, 2024a). The spe
cifics of the valves are detailed in Table 1.

Both the pilot valves (PVs) and the direct valves (DVs) use the exact 

valve model; the only difference is DV1 and DV2 have attached orifices.
The test setup, including the DFCU layout and environment, is pre

sented in Fig. 6.

2.2. Mathematical writing for equations

2.2.1. System interdependencies and dynamic modeling
Total flow in the Digital Hydraulic system is governed by a combined 

flow equation. Flow is computed through two valve sets: (1) DVs, using a 
simplified orifice equation with dynamics captured by uDV(i)(t). and (2) 
POVs, with more complex dynamics, including main poppet movement 
and pressure build-up in the poppet chamber. These POVs are controlled 

by two pilot valves (PVs), with dynamics captured by uin,act,PV(j) and 
uout,act,PV(j)(t). 

Qtotal(t) =
∑3

idv=1

QDV(idv)(t) +
∑6

ipov=4

QPOV(ipov)(t) (3) 

QDV(idv)(t) = uDV(idv)(t).kv,eff(idv).
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
pin(t) − pout(t)∗

√

Here, 
̅̅̅̅̅̅
Δp∗

√
is sign(Δp).

̅̅̅̅̅̅̅̅̅
|Δp|

√
, with idv = 1, 2,3 corresponds to DV1, 

DV2, and DV3 valves. pin(t), pout(t) are inlet and outlet pressures.
Direct-operated valve models were simplified by omitting minor 

parameters like pressure build-up, as these have minimal impact on flow 
control accuracy. The valve response time remains consistent across 
pressures, as confirmed experimentally in (Ketonen & Linjama, 2017). 

QPOV(ipov)(t) = Cd.Aout,POV(ipov)(t).
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
2 × (pin(t) − pout(t))/ρ∗

√

Where, ρ and Cd are constants, while Aout,POV(ipov)(t) is variable and 
defined as: 

Aout,POV(ipov)(t) = xm,POV(ipov)(t) × sin (α) × π × Dout 

Here, α and Dout are constants. and ipov corresponds to pilot-operated 
valves 4,5 and 6. The motion xm,max,(ipov)(t) is determined by the equation:  

Where, mm, − cm, km, xpreload, Ast, Amid are constants. Pmid(t) can be solved 
using the following equation. 

dpmid,POV(ipov)(t)
dt

=
β

Vmid,POV(ipov)(t)
(
Qin,PV(ipv)(t)− Qout,PV(ipv)(t)− V̇mid,POV(ipov)(t)

)

Where, β is a constant. While Vmid,POV(ipov)(t) is given by: dVmid,POV(ipov)
dt (t)=

− Amid.xm,POV(ipov)(t)
On the other side, the inlet flow is defined as : 

Qin,PV(ipv)(t) = uin,act,PV(ipv)(t).kv,PV .

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

pin(t) − pmid(ipov)(t)∗

√

Fig. 6. DFCU(n = 6) Layout within a simplified test environment; All main valves shown in open state.

mmẍ¨m,POV(ipov)(t) = − cm⋅ẋm,POV(ipov)(t) − km.
(
xm,POV(ipov)(t)+ xpreload

)
+
(
pin(t)⋅Ast + pout(t)⋅Aout,POV(ipov)(t) − pmid(t)⋅Amid

)
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Similarly, the outlet flow is: 

Qout,PV(ipv)(t) = uout,act,PV(ipv)(t).kv,PV .

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

pmid(ipov)(t) − pout(t)∗

√

Where kv,PV is constant, and ipv = 1, 2, 3. It is evident that 
Aout,POV(ipov)(t) and xm,(ipov)(t) and pmid(t) are closely interdependent.

Valves Inherent Response: In addition to the artificial delays, which 
are introduced and determined by the optimizer, the valves also exhibit 
inherent delays. These inherent delays are modeled to the binary input 
signals (0 or 1), where uinput,k(t) is a constant input for different valves. 
Here, k represents directional valves DV(1), DV(2), DV(3) or pilot 
valves (in,act,PV(4), in,act,PV(5), in,act,PV(6), out,act,PV(4), out,act,
PV(5), out, act, PV(6)). A transport delay and rate limiter model hy
draulic dynamics, simulating inertia, damping, and flow forces (Luo, 
2006). The transport delay reflects the system inherent response time, 
while the rate limiter controls valve movement speed. This method 
balances computational efficiency with accuracy, optimizing delays for 
electrically operated valves (three DVs and six PVs) while POVs respond 
accordingly.

The transport delay d(t) shifts the input by td = 9ms (commonly 
taken as 2/3 of the expected total response time) resulting in udelay,k(t) =

uinput,k(t − td). Then a rate limiter constrains the signal rate to a trise =
13.5ms and tfall = 5.3ms yields topen/close = td + trise/fall. A 0.1ms maximum 
step size for the ode23tb solver balances accuracy and computational 
resource.

2.2.2. Target and simulink optimization platform

Optimization objective. Given the system complex, nonlinear response 
during transitions, this study applies AI-based RL for black-box optimi
zation, with TS and GA as benchmarks (Kumagai & Yasuda, 2023).

Delay Injection Model: The optimizer adjusts an artificial delay tAr,k 
for each valve k to better align the timing between faster closing and 
slower opening valves. The input signal is modified as: 

udelay,k(t) = uinput,k
(
t − td − tAr,k

)
. (4) 

The algorithm explores delay configurations for up to eight switching 
valves, selected from a pool of nine electric-operated valves. Since at 
least two valves must switch in opposite directions for a peak (crest or 
trough) to occur, this means one valve will always shift in the opposite 

direction (e.g., one valve is opening when the other eight valves are 
closing). The configuration distribution for the 2702 cases is categorized 
as follows: 1 delay (nd = 1) occur in 633 cases, 2 delays: 828 cases, 3 
delays: 604 cases, 4 delays: 366 cases, 5 delays: 186 cases, 6 delays: 64 
cases, 7 delays: 18 cases, 8 delays: 3 cases. The total iterations required 
to fully explore the DFCU can be expressed as. 

Total Iterations = Treadings × preadings

×
∑nd :8

i=1

(
number of cases for valve i×(OC × D)i) (5) 

Brute Search: To address the synchronization problem, delays can be 
applied to both opening and closing events (OC = 2), considering 2 
temperature readings, 3 pressure levels, and 4 delay values, a brute- 
force approach may require 680 million iterations, taking nearly one 
year! at 50 ms per iteration.

Brute Simplification: The complexity increases significantly when 
considering both opening and closing delays. By setting OC =

1 (focusing only on closing delays) and fixing the temperature (more
over under fully turbulent flow, Cd drift is negligible), the iterations 
reduce to 1.1 million. Notably, delays for valves 6, 7, and 8, which 
represent just 3 % of the 2702 cases, account for 70 % of the iterations. 
The size and complexity of the search space make brute-force optimi
zation impractical. This highlights the need for AI to improve efficiency 
and adaptability. Given the computational demand, such problems are 
typically solved numerically rather than analytically on standard PCs.

It should be noted that, the optimization task is not to select 
switching scenarios or control which valve activates, these are fixed by 
the digital controller explained in (Elsaed & Linjama, 2024a). The 
optimizer role here is to learn the optimal timing (delays) for executing 
these predefined cases.

Simulink optimization platform.

Step 1. Define Action Search Space: Notably, crests and troughs 
persist longest at the lowest pressure trained (Δp = 5 bar), which also 
represents a typical operating point for most industrial circuits. 
Consequently, the delay pool, independently D = {0,2, 4, 8} ms is 
optimised at this 5-bar condition and the same candidate set is reused 
for other Δp values. It should be mentioned that only the menu of 

Fig. 7. Effect of pressure level on flow-rate crests and troughs; higher Δp shortens peak duration.
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delays is fixed; the optimizer still chooses a fresh value for each 
pressure case.

Step 2. Define State and Inputs: The environment state includes 
initial and final flow conditions and the current pressure differential 
ΔP. These variables are encoded in a single-pulse signal of length tsim 
= tini + 30ms. The 30 ms window comfortably covers the full crest- 
and-trough transient, yet keeps each simulation lightweight for RL 
training. The digital hydraulic controller extracts these states to 
generate a valve command vector U. This methodology, previously 
established in literature, is not detailed here.

Step 3. Simulate Environment and Evaluate Performance Metric: 
After running Simulink Model, a script detailed in (Elsaed & Linjama, 
2024a) noisily analyze major spikes (crests/troughs), filtered minor 
deviations, and identify the error volume cm3, simulating real-world 
empirical measurement. (Fig. 7)

3. Impelmenting discrete optimizers

3.1. Tabu Search implementation

Tabu Search (TS) is used to optimise artificial delays across up to 
eight switching valves in one loop. The same structure is applied in the 
GA baseline for comparison. A fitness function simulates each configu
ration and evaluates the resulting flow error, with a performance 
threshold of ∈= 0.2cm3.

TS Algorithm: Tabu Search for Valve Delay Optimization

1. Initialization: (for each case index Caseic = 1 to 2702):  

• Set initial solution s0 with zero delays.
• Determine the active valve count nd for the current case.
• Evaluate the initial solution error using the fitness function, f

(
s0).

• Set the best solution sbest = s0 and fbest = f
(
s0).

• Initialize the Tabu List: TabuList = {}.

2. Input: 
• Valid delay times: D = {0, 2, 4, 8}ms.
• Error threshold: ∈= 0.2cm3.
• Set limits: MaxIter, MaxAttempts, NumNeighbors: max([0.1 × (3n − 1)], 20)
3. Main Optimization Loop (for each iter ≤ MaxIter) :

• Generate neighboring solutions N
(
siter− 1), modify delays excluding moves in 

TabuList and evaluate them f(ś ).
• If f

(
siter) < fbest update best overall solution sbest = siter and error fbest = f

(
siter).

• Add new neighbors to Tabu List.
• Store sbest and fbest for Case ic.
• Stop if criteria are met.
4. End of Loop Over All Cases. 
• Repeat for all cases.
5. Output: 

• Return best solutions 
{

s(ic)best
}

and errors 
{

f(ic)best

}
for all cases.

The algorithm begins with a zero-delay solution to minimize 
response time and avoid unnecessary delays. In each iteration, delays 
values are adjusted to either increase or stay the same within the 
boundaries for each variable, with the number of neighbors limited by 
NumNeighbors to reduce computational load. The TabuList tracks tried 
solutions to avoid repeats, while maxAttempts prevents endless loops 
when no valid neighbors are available. Using a Tabu List with long-term 
memory boosts performance by avoiding local minima, in contrast to 
traditional Tabu Search with short-term memory (Chen et al., 2024).

3.2. Genetic algorithm implementation

A genetic algorithm is used to optimize artificial delay values across 
multiple valves, minimizing flow peaks during transitions. Through grid 
search–based tuning of key hyperparameters, this nature-inspired al

gorithm efficiently navigates the discrete delay space of the system.
GA Algorithm: Genetic Algorithm for Valve Delay Optimization

1. Initialization: (for each case index Caseic = 1 to 2702):  

• Set initial solution s0 with zero delays.
• Determine the active valve count nd.
2. Input: 
• Valid delays: D = {0, 2, 4, 8}ms.
• Error threshold: ∈= 0.2cm3.
• Set Population Size Np = min(max([0.1×(3n − 1)], 15),25), Maximum Generations 

Gmax = min(max([0.1 × (3n − 1)],10),15), Mutation Rate μ = 0.05.
3. Main Optimization Loop (for iter ≤ Gmax): 
• Selection: Sort population P based on their errors (fitness value) f(Pi) and select top 

half PParents, where i = 1,2,…,Np.
• Crossover: Randomly pair parents from PParents to generate new offspring O via 

recombination: O = [PParent1(1 : c), PParent2(c + 1 : nd)].
• Mutation: Apply random delay changes to offspring Oi where Oi(j) is Random 

choice from D with probability μ. where i = 1, 2,…,No (number of offspring) and 
j = 1,2,…,nd.

• Evaluation: For each offspring compute fitness f(Oi) and update sbest and fbest if an 
improved solution is found.

• Stop if fbest ≤ ∈ or constraints are met.
4. End of Loop Over All Cases. 
• Repeat for all cases.
5. Output: 

• Return best solutions 
{

s(ic)best
}

and errors 
{

f (ic)best

}
for all cases.

Besides the drawback discussed in the introduction, another limita
tion of the standard GA implementation is its fixed parameters, limiting 
dynamic balance between exploration and exploitation/commit. This 
leads to suboptimal performance, as it cannot adjust mutation and 
crossover rates based on search progress. For instance, mutation rates 
should decrease once a good solution is found and increase to escape 
local optima to promote exploration (Karimi-Mamaghan et al., 2022).

4. Reinforcement learning realization: deep contextual multi 
armed bandit (DCB)

Table 2 
Global optimization of valve delays with combined actions, where A=Di, at D =
4.

Switching Valves 
count

1 2 3 4 5 6 7 8

Action space size 4 16 64 256 1024 4096 16,384 65,536

Fig. 8. Epsilon decay over runs for each valve configuration.

E. Elsaed and M. Linjama                                                                                                                                                                                                                     Machine Learning with Applications 21 (2025) 100685 

8 



4.1. Sequential strategies: single step formulation

Unlike full Reinforcement Learning approaches, which rely on 
Markov Decision Processes and Bellman equations to model and solve 
multi-step decision-making problems, the contextual bandit (CB) 
framework simplifies the setting to a single step per episode, focusing 
solely on immediate rewards. Nevertheless, CB still involves sequential 
learning, as the agent improves its policy based on past interactions 
feedback. The presented problem aligns with a standard contextual 
bandit given the system selects a single action, and then only a single 
aggregate reward is received without observing the rewards of other 
possible actions (Y. Li et al., 2024).

Each switching scenario is solved in one shot: the agent chooses the 
entire delay vector, the simulator runs to completion, returns a single 
reward, and resets. No intermediate observation is provided, and the 
next scenario initial state is fixed by the scenario set, not by the previous 
action. Therefore, the task instantiates the single-state limit of RL—also 
known as a contextual bandit (Slivkins, 2019). Contextual Bandits, 
based on Robbins multi-armed bandit problem (Robbins, 1952) and 
developed further by researchers, extend the classic model and excel in 
adaptive online learning, adjusting strategies to counter long-term per
formance degradation in hydraulic components.

4.2. Algorithm to solve optimal policies in RL

The action-value function q̂(x, a) is parameterized to model the 
relationship between the observed context and the immediate feedback 
(Mazyavkina et al., 2021). In a simplified DFCU scenario, the system 
observes a context x (current: Qinitial, Qfinal , ΔP) and selects a combi
natorial action a (a set of delay configurations for multiple valves, where 
each action represents an arm), and receives immediate feedback r 
(based on the resulting deviated flow volume in cm³). Since this is a 
contextual multi-armed bandit problem with a horizon of H = 1, the 
value function is q̂(x,a) = E[Rt |Xt = x,At = a].

The used method, while presented here in a single-step contextual 
bandit framework, remains effective for a broad class of RL–Combina
torial problems (Mazyavkina et al., 2021), particularly those charac
terized by discrete action spaces. Even when dealing with 
low-dimensional inputs, the complexity arising from the input-output 
mapping justifies employing a deep neural network. By leveraging a 
DNN, the approach can capture intricate relationships between contexts 
and actions.

During training, parameterized action-values are refined incremen
tally, adjusting estimates to reduce discrepancies between observed and 
predicted immediate rewards. In this single-step contextual setting, the 
update simplifies to: : q̂(x,a; θ)←q̂(x,a; θ)+ α(δi), with prediction error 
δi = R(x, a) − q̂(x, a; θ) where α is the learning rate. By applying this 
adjustment repeatedly, the model converges to accurate estimates of the 
expected reward for each action, enabling selection of actions that yield 
higher immediate returns. The network takes the given context as input 
and produces parameterized action-values for all feasible actions 
simultaneously, facilitating efficient evaluation. These parameters θ are 
updated during training to minimize the loss function: L(θ) =

∑M
j=1 δj

2, 
where M is the mini batch size. The δ compares the predicted action- 
value with the actual reward received. This incremental process effec
tively handles noise or stochasticity in rewards, steadily improving es
timates while maintaining stability. Techniques like replay buffers and 
mini-batch sampling further enhance sample efficiency, making this 
method particularly suitable for single-step decision tasks in complex 
discrete action spaces.

The Adam optimizer trains the parameterized action-value network 
efficiently with low memory use. While leveraging NN for approxi
mating complex input-output mappings is beneficial, it risks overfitting 
with limited environmental interactions. To mitigate this, L2 regulari
zation is applied, with a weight decay λ range of 1 × 10− 8 to 5× 10− 7, as 
demonstrated to be effective in a supervised learning study on a simple 
digital hydraulic control unit (Elsaed & Linjama, 2024d). The NN em
ploys ReLU activations (ReLU(x) = max (0, x)) in the hidden layers, 
which is commonly effective for this type of observations (Coskun & Itik, 
2024), processing input context to parameterized action-value for each 
action: 

q̂(x, a; θ) = Wout⋅ReLU(W3⋅ReLU(W2⋅ReLU(W1⋅x+ b1)+ b2)+ b3) + bout

(6) 

The output layer of the NN contains neurons equal to the total 
number of possible actions (Table 2), which can reach thousands for 
higher-valve models but occurs in fewer cases. By producing parame
terized action-values for all actions in a single forward pass using only 
the context, thereby avoiding the need for multiple forward passes 
required when both context and action are inputs—a method that often 
requires additional techniques to make the process feasible (Fourati 
et al., 2024). Although the used approach increases memory overhead 
(which remains manageable), it is generally regarded as advantageous 
for reducing inference time in discrete constrained action spaces.
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4.3. Actions approach and exploration strategy

In the presented DFCU, multiple actions affect the environment 
simultaneously. Three distinct approaches will be evaluated that define 
the action space A as all possible combinations of delay values D = {d1,

d2,…, dn} assigned to i valves, resulting: 

a) Independent Actions per Valve: The agent selects independent delay 
values from D, treating each valve separately; this enhances scal
ability but possibly missing global optima.

b) Multi-Agent System: Each valve has an individual agent, enabling 
coordinated, dynamic interactions but requiring more computational 
resources (Hu et al., 2024).

c) Combined Actions (Table 2): Agent selects from Di combinations, 
considering the global effect of all valves simultaneously, optimizing 
globally but facing exponential complexity with larger i. Therefore, 
this approach will be selected offering a balance for systems with a 
manageable number of valves.

Based on the selected method, the problem becomes not a combi
natorial bandit in the traditional sense, as the action space consists of 
predefined atomic actions (combinations of valve delays), and the agent 
selects directly from this set without combining components (arms) 
during decision-making.

Common strategies for exploitation-exploration balance in CB 
problems include ε-greedy, upper confidence bound, and Thompson 
sampling. For this application, ε-greedy is chosen due to its simplicity 
and adaptability to stochastic environments, where the agent either 
exploits the action with the highest parameterized action-value or ex
plores randomly with probability ϵ. To provide the reader with valuable 
insights, it is worth noting that recent methods like (Ban et al., 2022) use 
more sophisticated techniques such as an Exploration Neural Network, 
to adaptively target arms with higher potential while reducing explo
ration of low-potential arms. 

Action a =

{
random action from A, with probability ϵ
argmax

a
q̂(x, a, θ), with probability 1 − ϵ (7) 

The DCB with ε-greedy approach allowing dynamic ε decay 
—starting with high exploration that decreases as more episodes are 

completed. The decay of ε is controlled by: ϵdecay = 1 −
(

ϵmin
ϵ0

) 1
Nepisodes.NCases

, 

where ϵ0 = 0.99, ϵmin = 0.05, Nepisodes = 20 and Ncases is the number of 
cases. At each iteration, the exploration rate updates as: ϵi+1 = ϵi ×

(
1 −

ϵdecay
)
, ensuring that ϵmin reaches 0.05 at the end. (Fig. 8)

The reward function guides the agent toward optimal solutions by 
assigning a reward of 8 for zero or near-zero measured volume deviation 
and R = − log (Volcm3) for others. The immediate reward is received 
after the selected action, based on the specific context, influences the 
environment and the resulting volume deviation is measured. To 
emulate real-world conditions, Gaussian noise N(R, 0.5) was added to 
the reward signal, introducing uncertainty into the environment. This 
noise magnitude reflects typical variability observed in typical physical 
systems. Stochastic environments incorporating Gaussian noise have 
been previously implemented in the CB-based NN, particularly under 
UCB-based exploration strategies (Zhou et al., 2020).

4.4. Script for full interaction set (2702) at single ΔP

Hyperparameters were tuned: A sample-time aligned with event- 
driven actions was adopted; a learning-rate of 0.03 gave fast, stable 
convergence, and a mini-batch of 16 preserved adaptability when 
exploration was sparse. The final setup used 20 training episodes, a 
replay buffer twice that length, and a 3-layer MLP (256–128–64).

Hyperparameters Sensitivity Analysis: Selecting a suitable network 

architecture is pivotal for fair baselines and underscores the promise of 
more efficient and robust hyper parameters (Henderson et al., 2018). 
Accordingly, a one-factor sweep was carried out to characterise sensi
tivity: learning-rate {0.01, 0.03, 0.10}; mini-batch size 8 – 32; 
weight-decay 0 – 1 × 10⁻⁴; episode budget 10 – 40; replay-buffer length 
from twice the episode count up to 10,000; and three MLP widths 
(64–32, 256–128–64, 1000–1000) under ReLU activations. Only weight 
decay, max episodes and NN architecture dominate performance, 
learning-rate and mini-batch size slightly tune the final error, while the 
remaining dimensions altered performance smoothly and marginally.

DCB Algorithm: Agent Training for Valve Delay Optimization

1. Initialization: 

• Define 8 different active valve configurations (nd = 1 to nd = 8).
2. Main Loop: Over the active valves (for nd≤ 8) :

• Identify cases {Case ic} nd corresponding to each nd.
• Load system parameters and initial and final states.
• User-Defined Parameters: 

▪ Error threshold: ∈= 0.2cm3.
▪ Training parameters.

a) Inner Training Loop for Each {Case ic} nd : 
• Define the action space And = Dnd .
• Initialize the parameterized action-value NN q̂nd

(
x,a; θnd

)
:

I) For episode e = 1 to MaxEpisodes. 
▪ Reset environment and obtain initial observation: x = [xo1,xo2,xo3].
▪ Select action a using epsilon-greedy policy.
▪ The parameterized action-value is calculated for all actions.
▪ Execute the selected action a by running the Simulink model using 

the Step function.
▪ Calculate Episode Reward R = fn

(
errorvolume,cm3

)
by execution the 

volume error script.
▪ Update NN using loss function
▪ Update the epsilon value for the next episode ∈i+1

▪ Reset the environment to its initial state for the next episode.
II) Store the trained model q̂nd

(
s,a; θnd

)
: for each nd.

4. End of Loop Over All Cases. 

• Repeat training for all active valve configurations n.
5. Output: 

• Return trained models for each number of active valves.

4.5. Scale script using sampled interaction cases across pressure 
variations

In RL, the agent learns from interaction with an environment where 
context (Qinitial, Qfinal , ΔP) is included in the observations. Limited 
environmental coverage can bias the agent actions and policy, leading to 
suboptimal decision-making in unseen context highlighting the need for 
diverse observations for robust generalization.

Due to inherent imbalances in interaction frequency, there were 
approximately 200 times more samples for nd = 1 than for nd = 8. 
Initially, the full interaction set was used for training (Section 4.4). 
However, to enhance computational efficiency and evaluate adapt
ability, only 10 % of the cases will be provided for the model to train on. 
Selection criteria included covering diverse flow ranges, maintaining 
representative distribution across all 2702 cases (Fig. 9), and prioritizing 
flow conditions with high "badness number" The badness number (BN) 
in DFCU measures the deviation in flow between two states, indicating 
how much the combined flow of initial and final states differs from the 
ideal, whether exceeding or falling short of the largest individual flow 
rate (Laamanen et al., 2007). While this ensured broad coverage, it may 
exclude rare transitions, limiting generalization. This reflects a common 
challenge in hydraulics where data collection is costly.

In Section 2.1.2, Fig. 5 showed that the initial and final states have a 
logical symmetry. Therefore, interaction selection can be based on either 
initial or final flow rates; in this case, the initial flow rate is used. This 
sampling strategy addresses imbalances across groups by independently 

E. Elsaed and M. Linjama                                                                                                                                                                                                                     Machine Learning with Applications 21 (2025) 100685 

10 



sampling each group, preserving its structure. It prioritizes extreme 
boundary points and skews selection toward high badness scores and 
ensures a minimum sample size for smaller groups. This approach en
hances scenarios diversity as seen in Fig. 10.

The following script trains the RL agent using a reduced subset of the 
data, focusing on interaction cases at ΔP 5 bar. The same subset size, 
adjusted for different flow rate outputs, is used for training at ΔP 10 and 
ΔP 20 bar.

DCB (ΔP-Loop) Algorithm: Training for Valve Delay Optimization with Selected 
Training Cases across different pressure values

1. Initialization: 
• Define 8 different active valve configurations (nd = 1 to nd = 8).
2. Main Loop: Over the active valves (for nd≤ 8) :

a) Loop over: ΔP 5 bar, ΔP 10 bar, and ΔP 20 bar: 
i) Prepare sampled interaction cases for training at each pressure level.

ii) Load the code in Section 4.4.
iii) Train the NN agent using the selected interaction scenarios.

3. End of Loop 
• After completing all active valve configurations and pressure levels.
4. Output: 
• Return 8 trained agents for each valve configuration nd.

5. Comparisons and discussion

The trained agents are loaded alongside the Simulink model envi
ronment. Based on the current observation, which includes the initial 
flow rate, target final flow, and the pressure difference (ΔP), the 
appropriate agent generates artificial delay values for each active valve. 
Any external disturbance that modifies ΔP is captured in the observation 
before the delay decision is made, ensuring that the selected delays are 
optimal under the current load conditions. The system is sampled with a 
timing that reflects the physical response time of the valve; no new 
observation is taken until the valve has completed its transition. This 
constraint reflects real-world behavior and contributes to the robustness 

Fig. 10. One-tenth sampled scenarios captures extremes, balancing diverse flow and badness across 2702 Cases.

Fig. 11. Testing Framework for RL Valve Timing.

Fig. 9. Initial flow/states and badness number relation across 2702 cases for 
ideal and actual DFCU (n = 6). Final flow/states with BN exhibit exactly the 
same pattern.
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of the controller against sudden pressure variations. The deployment 
process for testing a single case is illustrated in Fig. 11.

All computations were performed on a machine with an Intel Core 
i7–1370P CPU at 2.40 GHz and 32 GB of RAM. Three distinct test sce
narios were selected for algorithm analyzing as shown in Fig. 12:

5.1. Switching for minimal and maximum valve configurations at ΔP5 bar

To ensure reliability, the models were executed 10 times under 
consistent settings for thorough evaluation. In the First scenario 
(Table 3), (Case 285 → nd = 1) DV3 is closed, and DV2 opens, changing 
the valve configuration from [0, 0, 1, 0, 0, 0] to [0, 1, 0, 0, 0, 0] and 
reducing flow rate from 37 LPM to 15 LPM. Classical optimization failed 
to meet the ∈< 0.2cm3 inequality constraint, suggesting no feasible so
lution with the given actions. The DCB runtime increases with the 20- 
episode setting, as Simulink computational and memory demands 
grow with the complexity of agent-environment interactions.

Whereas (Case 2672 → nd = 7) this represents an extreme case 
where Valves DV1, DV2, DV3, POV4, and POV5 are shifted to closed, 
and Valve POV6 is switched open ([1, 1, 1, 1, 1, 0] to [0, 0, 0, 0, 0, 1]), 
reducing flow rate from 239 LPM to 125 LPM. Both classical algorithms 
achieved zero error, but GA randomness causes varying methods. The 
DCB possible action for this case, defined by (OC × D)i, yields 16,384 
possible combinations, leading to longer runtimes due to the complex 
action set. The deterministic results in DCB arise because the ϵ-greedy 
policy transitions to near-pure exploitation as ϵ decays to its minimum 
value during training, combined with the deterministic nature of the 
environment and reward structure (noise will be implemented in Section 
5.3).

5.2. Optimization over entire 2702 cases at single ΔP5 bar

In the Second scenario, the best result from the 10 runs in Section 5.1
is plotted in Fig. 13, highlighting GA outperforming with lowest error 
and faster computation. TS achieves low errors but takes slightly longer, 
while DCB shows higher average errors. DCB average results could 
improve but risks outlier impact, as NN-based approach can yield 

suboptimal solutions (Bengio et al., 2021).

The preliminary overall performance of the DCB model, as shown in 
Fig. 13, is then analyzed in greater detail in Fig. 14 by dividing it into 8 
groups. The analysis highlights that nd 2 and nd 4 exhibit the highest 
error deviation, making them the most challenging to predict accurately, 
while nd 1, nd 7, and nd 8 have the lowest deviation. Outliers are also 
observed, potentially impacting model stability and accuracy.

5.3. Extended pressure with representative scenarios set at Δp 5, 10, 20 
bar with stochastic noise

Performance evaluation
Third Scenario: In this section, the algorithm outlined in Section 4.5

is applied to evaluate training performance. For each pressure level, a 
representative subset comprising one-tenth of the 2702 cases is used to 
simulate training under limited interaction conditions. The objective is 
to adapt the system to handle continuous pressure inputs across all cases. 
The addition of stochastic noise introduces challenges but is expected to 
enhance exploration during training.

Fig. 15 demonstrates the DCB model acceptable performance, 
though it faces challenges at unseen pressures (3 and 15 bar). Addi
tionally, the presence of outliers highlight the need for additional con
straints post-interaction to ensure robustness under new conditions 
(Bengio et al., 2021). While tailored stochastic NN adjustments improve 
training time to 7.8 hours (Detailed in Table 4) across the Δp range, the 
process remains lengthy due to the complexity of stochastic NN in 
managing high-dimensional and dynamic environments (Fourati et al., 
2024). Moreover, despite robust training outcomes, DCB underperforms 
in certain testing by selecting suboptimal delay values. This occurs due 
to “forgetting” as network overwrites previously learned action-values 
while adapting to new interactions, losing previously learned 

Table 3 
Results of 10 repeated valve switching for different cases, Order: [DV1, DV2, DV3, In_PV4, Out_PV4, In_PV5, Out_PV5, In_PV6, Out_PV6].

Case 285 2672

Algorithm TS GA DCB TS GA DCB

Error [cm3] No 
Optimization

0.60 4.47

Avg. Error [cm3] 0.32 0.32 0.32 0 0 0
Delays During Closing 

[ms]
[4] [4] [4] [0,0,0,0,0,8,0,0,0] [4,4,0,8,0,2,0,0,0] [4,0,4,8,2,4,2,0,0] [2,0,0,8,8,0,8,0,0] [8,0,0,2,0,0,8,0,0] 

[0,2,0,8,2,2,0,0,0] [0,0,2,8,0,4,4,0,0] [0,0,2,4,2,8,2,0,0] 
[0,4,0,2,8,8,4,0,0] 
[2,0,0,4,8,4,4,0,0] 
[4,4,0,4,8,2,0,0,0]

[0, 0, 0, 2, 0, 
8, 2]

Avg. Duration [sec] 0.7 0.8 9.3* 18 26 47*

* The reported training duration corresponds to the specific training case, which is a subset of the total training cases.

Fig. 12. Overview of experimental design and expected outcomes.
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Fig. 13. Preliminary error comparison of Tabu search, genetic algorithm, and deep contextual bandit for DFCU. Trained and tested across 2702 cases for best model 
at ΔP5 bar.
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information (Talaei Khoei et al., 2023), despite efforts to mitigate it 
using experience replay.

Computational demands of models
Assessing RL computational complexity is essential for future hard

ware deployment, with particular emphasis on training efficiency, 
inference process and memory footprint (Ivanov et al., 2025). Although 
deep models achieve competent accuracy, they frequently exceed these 
metrics, posing a serious challenge for industrial valve systems where 
fast response is critical. Table 4 below reports these values.

Table 4 shows that model size grows exponentially with valve count, 
yet inference latency stays below 1�ms up to nd = 6. While training time 
is governed by the number of sampled scenarios and model size. Survey 
techniques (Roth et al., 2024) for model compression and faster infer
ence approaches that, while promising, lie beyond the scope of this 
paper.

Prospective considerations for real-world implementation
Non-ideal flow grid already used: All simulations were carried out 

with realistic steady-state capacities and valve dynamic based on nine 
electrically operated Bucher valves tested by (Ketonen & Linjama, 
2017), and catalogue of three pilot-operated Rexroth valves, resulting in 
a non-ideal flow grid matching the planned valve manifold. Moreover, a 
corresponding high-flow test bench has also been studied and validated 
in simulation (Elsaed & Linjama, 2024b).

Uncertainty limits: To minimize the integrated flow error, three 

challenging hardware constraints apply: 

A) Fluid condition: Hold oil at a stable temperature to keep flow drift 
negligible.

B) Flow measurement: Use a sensor precise enough that its error 
doesn’t dominate the integrated flow error. A side note, pressure 
sensing may be preferable if flow meters respond too slowly.

C) Valve-timing uncertainty: Direct-acting valves are consistent; 
pilot-operated valves need much tighter stroke-to-stroke control 
to stay within the error band.

6. Conclusion

This study is the first to apply RL techniques to address long-standing 
issues of flow and pressure fluctuations in Digital Hydraulics, by 
employing a Deep Contextual Bandit approach for a six-valve DFCU. The 
method reduced the median integrated flow errors by approximately 60 
%, with training completed in about 8 hours despite limited interaction 
scenarios. However, challenges with outliers persist. Moreover, certain 
flow transition cases exhibited residual errors, underscoring the diffi
culty of completely eliminating errors given the current action set. 
Alternative methods like Tabu Search and Genetic Algorithms also failed 
to resolve these cases, suggesting that expanding the action space could 
help but at the cost of longer training times.

Managing multiple case-specific models is computationally 
demanding. Future efforts could focus on unifying these into a single 

Fig. 14. DFCU Error comparison across valves for non-optimized and preliminary optimized 2702 cases at ΔP5bar using deep contextual bandit.
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model to simplify training and decision-making. Exploring standard 
bandit algorithms, other single-step RL methods, and more sophisticated 
exploration strategies may enhance efficiency and adaptability. This 
study also revealed that system performance is sensitive to hyper
parameter settings.

Overall, this study represents a significant foundational step toward 
achieving smoother transition states in digital hydraulic systems. It 
contributes to the growing integration of intelligent methods in hy
draulic system design and control.

Acronyms

Acronym Description

CB Contextual Bandit.
DCB Deep Contextual Bandit.
DFCU Digital Flow Control Unit.
DV Direct Valve.
GA Generic Algorithm.
MHs Metaheuristics.
MLP Multilayer Perceptron.
PCM Pulse Code Modulation.
POV Pilot Operated Valve.

(continued on next page)

Fig. 15. Error distribution for DFCU Optimization at ΔP5, 10, 15, and 20 bar: DCB (10 % Cases at 5, 10 and 20 bar; unseen at 3 and 15 bar).

Table 4 
Computational cost as a function of valve count (nd) for Section 5.3 trained agents.

nd Parameters No. 
(k)*

Memory Usage (MB)** Sampled Scenarios Total Episodes*** Training Time (h) Inference Latency (ms)

​ P =
∑L

i=1
(IiOi + Oi) M =

P × 4
1024

S: Section 5 req. Et = S× E× Np Ttrain = Δttrain getAction (trainedAgent, obs)

1 42 0.16 60 3600 0.8 0.7
2 43 0.17 80 4800 1.3 0.7
3 46 0.18 59 3540 0.6 0.7
4 59 0.23 35 2100 0.4 0.8
5 109 0.43 20 1200 0.3 0.8
6 309 1.21 20 1200 1.3 0.9
7 1107 4.32 17 1020 2.6 1.3
8 4302 16.80 3 180 0.5 1.4

PC Specs: Core i7–1370P CPU at 2.40 GHz and 32 GB of RAM.
* L is the number of layers in the NN, where each layer I has IiOi weights and Oi biases.
** MATLAB uses float32 by default: 4 bytes per parameter.
*** Np = 3 pressure levels and E = 20 Episodes/Scenario.
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(continued )

Acronym Description

PV Pilot Valves.
RL Reinforcement Learning.
TS Tabu Search.
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