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Abstract: Large-inertia pump-controlled grinding machines experience significant energy
loss and potential hydraulic shock during frequent high-speed table reciprocation. Tra-
ditional control methods often neglect to address efficient energy recovery during the
dynamic commutation phase. This study proposes and investigates a dual-mode synergis-
tic energy recovery system that combines motor regeneration and accumulator storage for
pump-controlled grinders. The primary focus of this study is on developing a maximum
regenerative energy commutation control strategy. A mathematical model of the system
was established, and extensive simulations were performed to analyze the energy recov-
ery process under varying load mass, initial velocity, and leakage coefficient conditions.
Machine learning models were compared for predicting the peak time of total recovered
energy, with a neural network (NN) demonstrating superior accuracy (R2 ≈ 0.99997). An
adaptive commutation strategy was designed, utilizing the NN prediction corrected by a
confidence score based on historical and test data ranges, to determine the optimal mo-
ment for initiating reverse motion. The strategy was validated using Simulink–Amesim
co-simulation and experiments conducted on a 10-ton test bench. The results show that the
proposed strategy effectively maximizes energy capture; experiments indicate a 14.3% in-
crease in energy recovery efficiency and a 25% reduction in commutation time compared to
a fixed timing approach. The proposed commutation strategy also leads to faster settling to
steady-state velocity and smoother operation, while the accumulator demonstrably reduces
pressure peaks. This research provides a robust method for enhancing energy efficiency
and productivity in pump-controlled grinding applications by improving regenerative
braking control through a predictive commutation strategy.

Keywords: pump-controlled grinder; energy recovery; dual-mode energy recovery;
commutation control

1. Introduction
The grinding machine is the core equipment for precision machining. The table recip-

rocating motion requires frequent direction changes, and the load inertia is significant. The
mass of the workpiece platform of the 10 m grinding machine reaches 15,000 kg–30,000 kg,
and the energy consumption is high. The traditional valve-controlled hydraulic system
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relies on throttling to regulate speed, which generates substantial throttling losses and low
energy efficiency during the direction change process [1]. The braking phase is prone to
causing violent hydraulic shock and mechanical oscillation, which not only exacerbates
the waste of energy but also leads to a decline in machining accuracy, particularly when
machining large inertia loads [2]. The volumetric speed control characteristics of the pump-
controlled hydraulic system can eliminate throttling losses and effectively improve the
energy efficiency of the system [3]. The four-quadrant technology of the pump-controlled
system also allows the energy to flow in both directions, and the kinetic energy is con-
verted into electrical energy through pump-driven motor power generation at the time
of commutation, which improves energy utilization [4,5]. Therefore, this study proposes
a new configuration of a pump-controlled grinder. As the working conditions during
energy recovery may not necessarily reach the optimal efficiency of the motor, which may
lead to insufficient recovery of some energy, accumulators are also commonly used in
hydraulic systems for energy recovery [6]. However, accumulators are limited by volume
and pressure fluctuations, cannot store energy for a long time, and are prone to causing
secondary impacts when energy is released directly. The pump-controlled grinder also
requires the selection of an appropriate time to start the motor during the braking energy
recovery phase to carry out the commutation of the grinder’s reciprocating motion. In
this study, the dual-mode synergy between the accumulator and the motor is used to
achieve high-efficiency kinetic energy recovery for pump-controlled grinding machines,
and the commutation control strategy is studied to improve the energy recovery efficiency
of large-load grinding machines and achieve smooth and fast commutation.

A large number of studies have been carried out by different scholars to investigate
energy-saving strategies for grinding machines, energy-saving strategies for hydraulic sys-
tems, and energy recovery. In terms of energy saving in grinding machines, Wang et al. [7]
proposed a decision-making expert system based on monitoring power data that reduces
the amount of real-time monitoring data to 6.5% using signal processing, feature extraction,
and compression methods and intelligently obtains energy-saving grinding strategies. This
system enables the performance of the grinding process to be improved under complex non-
uniform wear conditions. It also optimizes grinding parameters, improves energy efficiency,
and reduces machining time by using the Pareto optimal design method and an improved
adaptive artificial neural network model [8]. Guo et al. [9] significantly reduced production
energy consumption while meeting surface roughness requirements by optimizing the
machining allowance and process parameters in the turning–grinding process sequence.
Hu et al. [10] effectively reduced the energy consumption of machine tools and shortened
machining time by optimizing the dimensions and cutting parameters for turning and
drilling features. Xu et al. [2] improved force smoothness in reciprocating machining by
optimizing the spatial acceleration and jerk distribution and reducing the effect of flexible
impacts on surface quality, thereby decreasing surface roughness and energy consumption.
These studies mainly focused on the steady-state grinding process but lacked consideration
of dynamic energy recovery in the commutation phase. In terms of energy recovery in
hydraulic systems, Wang et al. [11] proposed that a power following-based energy-efficient
adaptive speed controller optimizes the efficiency of the engine and hydrostatic system by
ensuring the precise regulation of the motor speed through on-line efficiency estimation
and real-time limiting of the pump and motor displacements. The energy-saving speed
regulation method based on an electroproportional balancing valve effectively solves the
contradiction between energy saving and the speed control of a pump-controlled motor
hydrostatic system under negative load conditions, allowing the system to show higher
adaptability and stability under negative load conditions while significantly reducing
energy consumption [12]. Wu et al. [13] significantly reduced the energy consumption and



Energies 2025, 18, 2622 3 of 23

improved the control accuracy of the deep-sea valve-controlled hydraulic cylinder system
by introducing a proportional relief valve and developing a variable pump pressure control
strategy, combined with a variable-gain PID algorithm. This resulted in remarkable energy-
saving effects during complex movements at different depths. Hati et al. [14] optimized
the parameter settings of the variable displacement pump control system by adopting a
mechatronics-based simulation design to reduce the absolute error of the integration and
achieve the maximum energy savings. Li et al. [15] were able to significantly reduce the
motor rated energy consumption by fully integrating a robust controller with the pumping
rod pumping system. Li et al. [4] used a pressure monitoring and control strategy based
on generator variable speed control to significantly reduce the proportional relief valve
inlet and outlet differential pressure loss and improve the overall energy efficiency of the
hydraulic system based on the energy recovery system of a hydraulic motor and genera-
tor. Xing et al. [6] effectively recovered the potential energy of the excavator’s boom by
designing a new type of hydraulic system that incorporates an accumulator and a variable
pump/motor, thereby significantly improving energy utilization efficiency. Lyu et al. [3]
combined a new hardware configuration of independent metering valves with a direct
pump control method, which significantly improved the energy efficiency of the hydraulic
system. Most of these hydraulic system energy studies are focused on construction ma-
chinery, and there is insufficient adaptability to pump-controlled grinder scenarios with
high-frequency commutation. In hydraulic equipment energy recovery, potential energy is
recovered through a new hydraulic hybrid excavator energy recovery system with digital
pumps [16], the introduction of a flywheel-based mechanical energy recovery system in
hydraulic excavators [17], and a new hydraulic hybrid excavator potential energy recovery
system with three-chamber cylinders and accumulators to improve energy utilization effi-
ciency [18]. Hydraulic–electric hybrid systems are introduced in loader traveling energy
saving systems [19], excavator arm drive systems [20], and non-road mobile machinery [1]
to reduce energy consumption. Advanced control strategies such as energy efficient algo-
rithms [21] and regenerative braking control strategies [22] are used to improve energy
utilization efficiency. Hydraulic dual-module hybrid drive system [23], alternate energy re-
covery and utilization system with multiple hydraulic cylinders [24], and flywheel and flow
regeneration composite energy recovery system [25] are introduced to improve the overall
energy efficiency. The energy recovery technology of hydraulic equipment mostly focuses
on potential energy recovery, with less research on kinetic energy recovery. For kinetic
energy recovery, Liu, Jianjian, et al. investigated a model-based fault detection method
for electrohydraulic braking systems to avoid energy waste and improve system perfor-
mance [26]. Mitropoulos-Rundus et al. [27] showed that regenerative braking provides
significant safety advantages in deceleration time and distance compared to conventional
braking. Jiang et al. [28] designed a regenerative braking strategy through an optimized
distribution algorithm, which optimally distributes the front and rear axle braking forces in
variable proportions during braking of an electric vehicle, thus significantly improving the
energy recovery efficiency. Kumar et al. [29] proposed a novel combined braking strategy,
which can achieve braking energy recovery more than twice as much as that of traditional
parallel braking by adjusting the ratio of regenerative braking and friction braking. Panchal
et al. [30] found a significant increase in the charging and discharging efficiency of the
system by thermodynamic analysis of a novel hydraulic brake energy recovery system.
The research on kinetic energy recovery technology has mainly focused on kinetic energy
recovery for new energy vehicles, and transient energy capture for high-frequency dynamic
commutation scenarios is understudied. The characteristics of different energy recovery
methods are shown in Table 1.
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Table 1. Comparison of energy recovery methods.

Recovery Method Main Control
Features Advantages Disadvantages

Applicability to
Pump-Controlled

Grinding Machines

Motor

Four-quadrant
operation to convert
kinetic energy into

electrical energy

Can store energy for
long periods

Lower efficiency at
low speeds

Suitable for
conventional

operations; difficult to
meet the transient

demands of
high-frequency

dynamic commutation

Accumulator Direct hydraulic
energy storage

No conversion
needed, directly
stores hydraulic

energy

Limited by volume
and pressure

fluctuations; lacks
long-term storage

capability

Sensitive to pressure
fluctuations; limited

application in grinding
machines with long

work cycles

Flywheel
Converts hydraulic
energy to rotational

energy

Relatively efficient
energy conversion

Requires additional
mechanical

transmission

Limited application in
high-frequency

commutation grinding
due to space

requirements and
vibration issues

Motor + Flywheel

Flywheel handles
peak loads; motor
handles long-term

storage

Enhanced dynamic
response

System complexity
increases

Mainly applied to
engineering machinery
rather than precision
grinding machines

Motor +
Accumulator

Integrated energy
flow management

Optimized energy
recovery under

various working
conditions

Requires precise
timing to achieve

optimal performance

Ideal for
pump-controlled

grinding machines
with high-frequency

commutation; reduces
commutation time and
improves productivity

The current research on energy-saving strategies for pump-controlled grinders focuses
on the improvement of process parameters, and lacks targeted design for the dynamic
energy flow management in the commutation phase. The research mainly focuses on
single-mode recovery of the motor, accumulator or flywheel, and the synergistic tech-
nology is mostly targeted at construction machinery, which does not cover the energy
utilization and impact suppression under the high-frequency commutation scenario of the
pump-controlled grinder. In view of the above problems, a dual-mode synergistic energy
recovery model is proposed for accumulators and motors, which combines the efficient
energy storage characteristics of accumulators with the fast response of motors, establishes
a new high-efficiency configuration for pump-controlled grinders, and researches the com-
mutation timing in the energy recovery phase to improve the energy utilization rate and
shorten the commutation time, so as to fill in the research gaps in the field of high-frequency
commutation kinetic energy recovery for pump-controlled grinders.

The structure of this paper is organized as follows. Section 2 introduces the working
principle of the pump-controlled grinder; Section 3 establishes the mathematical model
of the energy recovery system for the pump-controlled grinder; Section 4 proposes a
commutation strategy based on the prediction of energy peak time; Section 5 validates
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the effectiveness of the proposed method through simulation and experiments; Section 6
summarizes the paper and presents future research prospects.

2. Principle of Operation of Pump-Controlled Grinders
The pump-controlled grinder consists of a servo motor, a quantitative pump, a relief

valve, a cooler, a two-way cartridge valve, a solenoid valve, a throttle valve, a check valve,
an accumulator, and a double-outlet symmetrical cylinder. The servo motor drives the
quantitative pump to rotate at variable speed, regulates the system flow, and then controls
the system pressure to drive the load to run according to the target motion trajectory. Due
to the continuous operation of the pump-controlled grinder, the system oil temperature
is high. To reduce the oil temperature, a cooler is installed. The schematic diagram of the
pump-controlled grinder is shown in Figure 1.

M

1

2

3.1 3.2

4
5.1 5.2

5.3 5.4

5.5 5.66.1 6.2

7.1 7.2

8.1 8.2

9.1 9.2
10

Figure 1. Working principle diagram of pump-controlled grinder.

In Figure 1, the components are numbered as follows: 1. servo motor, 2. quantitative
pump, 3. relief valve, 4. cooler, 5. two-way cartridge valve, 6. solenoid valve, 7. check
valve, 8. throttle valve, 9. accumulator, 10. double-outlet symmetrical cylinder. When the
electromagnetic reversing valves 6.1 and 6.2 are in the position shown in the figure, for
the table to perform the leftward feeding motion, the motor drives the pump to produce
high-pressure oil through the red path to the right chamber of the hydraulic cylinder 10.
Simultaneously, low-pressure oil from the left chamber of the hydraulic cylinder flows
through the blue path and the cooler to the low-pressure side of the pump. When 6.1
is closed and 6.2 is opened, the motor drives the pump to provide high-pressure oil to
the left side, the oil flow direction is reversed compared to the previous state, and the
table makes a feeding motion to the right. The pump-controlled grinder can work in
four quadrants. In addition to the above two directions for performing feeding motions,
during the braking phase, it can also operate with the pump functioning as a motor, driving
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the motor to generate electricity, thus achieving energy regeneration. The four-quadrant
working process is shown in Figure 2.

M

v

E

9.1 9.2

6.1 6.2

 

M E

v
9.1 9.2

6.1 6.2

(a) (b) 
M

v

E

9.1 9.2

6.1 6.2

 

M E

v
9.1 9.2

6.1 6.2

(c) (d) 

Figure 2. Four-quadrant work process of a pump-controlled grinder. (a) Right-hand feed stage.
(b) Right-hand brake energy recovery stage. (c) Left feed stage. (d) Left brake energy recovery stage.

In the right feeding stage, when the solenoid valve 6.2 is opened, the motor provides
energy to the system, driving the pump to produce high-pressure oil on the left side,
which then drives the hydraulic cylinder to move the load to the right. In the rightward
braking energy recovery phase, when the solenoid valve 6.2 is closed, the motor stops
providing energy to the system. The inertia of the load drives the hydraulic cylinder to
continue moving to the right, causing the right side of the hydraulic cylinder to produce
high-pressure oil, which drives the pump to function as a motor, enabling the motor to
generate electricity for electrical energy recovery. Simultaneously, oil flowing into the
right-side accumulator causes pressure to rise, facilitating hydraulic energy recovery. Since
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passing through the cooler produces energy dissipation, in the energy recovery phase,
solenoid valve 6.2 is closed to prevent oil from passing through the cooler. Instead, the
oil flows through the two-way cartridge valve directly to the pump, reducing energy
loss. The left feeding and left braking energy recovery processes are symmetrical to their
right-direction counterparts.

In the rightward braking energy recovery phase, when solenoid valves 6.1 and 6.2 are
closed, the table stops after performing damped oscillations. The remaining energy, except
that recovered by the motor, is partly dissipated and partly stored in the accumulator. The
energy stored in the accumulator 9.1 acts as an obstacle when starting in the left direction,
which, together with the dissipated energy, results in poor overall energy utilization.
Moreover, the energy stored in the accumulator 9.1 during leftward starting corresponds to
an increase in the system load, which can lead to a longer stabilization time to reach the
target speed. Therefore, the timing of opening solenoid valve 6.1 and starting the motor
significantly affects the energy utilization efficiency of the system and the time required for
the commutation to reach steady state.

The pump-controlled grinder has a significant load mass, and energy transfer from the
motor to the load requires time, resulting in a lag. During the energy recovery phase, when
the load reaches its maximum reverse acceleration, accumulator 9.2 achieves its maximum
energy recovery, while accumulator 9.1 reaches its minimum energy level. At this point,
the peak phase for motor energy recovery has also passed. Initiating commutation at this
time allows the load to move in reverse for a period of time. This provides sufficient time
for energy transfer from the motor to the load, maximizes energy recovery, minimizes
the negative impact of accumulator 9.1, reduces oscillation-related losses, and shortens
the energy transfer process. Starting too early results in insufficient energy recovery, and
starting too late creates an additional burden due to the boosting of accumulator 9.1.
Therefore, for a pump-controlled grinder with significant load mass and dual-mode energy
recovery using an accumulator and motor, it is more appropriate to initiate commutation
when the load reaches its maximum reverse acceleration during the energy recovery phase.

Due to the numerous interferences during the operation of the pump-controlled
grinder and the rapid changes in acceleration and speed, relying on acceleration or speed
indicators to determine the commutation timing can lead to instability. In this study, the
maximum recovered energy is introduced as a key parameter, and the commutation control
is implemented by predicting the time point of maximum recovered energy. Since the
total amount of recovered energy has a cumulative effect and does not change rapidly
and drastically due to external disturbances, the robustness of the control strategy can
be improved.

3. Modeling of Energy Recovery Systems for Pump-Controlled
Grinders [31–33]

The dynamic equation for hydraulic cylinder:

m
..
x = A(P1 − P2)− Bv

.
x − Fctanh

( .
x
ϵ

)
− Fext (1)

where:
m is the mass of the table and workpiece;
..
x is the piston acceleration;
.
x is the piston speed;
P1 is the hydraulic cylinder left chamber pressure;
P2 is the hydraulic cylinder right chamber pressure;
A is the effective area of a single chamber of the hydraulic cylinder;
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Bv is velocity-dependent damping;
Fc is the Coulomb friction;
ϵ is the smoothing factor;
Fext is the external disturbance force.
The hydraulic cylinder flow continuity equations:

Q1 = A
.
x +

V1

βe

dP1

dt
+ Cip(P1 − P2) (2)

Q2 = −A
.
x − V2

βe

dP2

dt
− Cip(P1 − P2) (3)

where:
Q1 is the flow rate in the left chamber of the hydraulic cylinder;
Q2 is the flow rate of the right chamber of the hydraulic cylinder;
V1 is the volume of the left chamber of the hydraulic cylinder;
V2 is the volume of the right chamber of the hydraulic cylinder;
βe is the bulk modulus of elasticity of the fluid;
Cip is the internal leakage coefficient of the hydraulic cylinder.
Symmetric change in cavity volume:

V1 = V01 + Ax, V2 = V02 − Ax (4)

where V01 = V02 is the initial volume of the two chambers and x is the piston displacement.
Quantitative pump flow equation:

Qp = Dpωm (5)

Dp is the pump displacement;
ωm is the pump speed.
The torque equation when the pump is output as a motor condition:

Tp = ∆P × Dp (6)

∆P is the pressure difference between the two sides of the motor.
Motor dynamics equation:

J
dωm

dt
= Tp − Bpωm − Te (7)

J is the moment of inertia;
Bp is the pump viscous friction coefficient;
Te is the electromagnetic torque.
Accumulator flow equation:

q(t) = CdAa

√
2
ρ
(P − Pa) (8)

where:
Cd is accumulator mouth flow coefficient;
Aa is accumulator mouth area;
ρ is oil density;
P is accumulator port fluid pressure;
Pa is accumulator gas pressure.
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Assuming that the gas in the accumulator follows a multivariate process and neglecting
the heat losses, the accumulator gas equation of state:

P(t) · V(t)n = P0 · Vn
0 (9)

P(t) is real-time gas pressure;
V(t) is the real-time gas volume;
P0, V0 is the initial pre-inflation pressure and volume;
n is the variability index.
Oil volume versus gas volume:

V(t) = V0 − Q(t) (10)

Q(t) is the real-time volume of oil in the accumulator:

Q(t) =
∫ t

t0
q(t)dt (11)

Accumulator oil volume change rate:

.
Va = q(t) (12)

The motor outputs power to the outside:

Pm(t) = ∆P × Qp (13)

Motor Recovery Power:
Pe(t) = ηg × Pm(t) (14)

ηg is the motor power generation efficiency.
The motor recovery energy is:

Ee(t) =
∫ t

t0
Pe(t) dt (15)

The energy Ea(t) stored by the accumulator is equal to the work done by the external
compressed gas, that is, the integral from the initial volume V0 to the current volume V(t):

Ea(t) =
∫ V(t)

V0

P(V)dV (16)

where P(V) = P0

(
Vn
V

)n
.

Substitute the pressure expression and integrate:

Ea(t) =
∫ V(t)

V0

P0

(
V0

V

)n
dV = P0Vn

0

∫ V(t)

V0

VndV (17)

The total real-time energy stored in the accumulator is collapsed to obtain the energy
equation for the total real-time energy stored in the accumulator:

Ea(t) =
∫ V(t)

V0

P(V)dV =
P0V0

n − 1

[(
V0

V(t)

)n−1
− 1

]
(18)
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Energy recovery process, the total energy recovered = accumulator recovery energy +
motor recovery energy:

E(t) = Ea(t) + Ee(t) =
P0V0

n − 1

[(
V0

V(t)

)n−1
− 1

]
+ ηg

∫ t

t0
Pm(t)dt (19)

4. Direction Switching Strategy Based on Energy Peak Time Prediction
4.1. Prediction of Time to Peak Energy

State prediction of actual complex hydraulic systems usually needs to consider the
nonlinear characteristics, dynamic behavior, and various uncertainties of the system, while
the actual behavior of the system can be better captured by fitting the test data. In order
to generate the recovered energy curves under different parameter conditions, a total of
660 experiments were conducted using the developed model to test different parameter
combinations. The load mass was taken from 14,000 kg to 30,500 kg with a step of 1500 kg;
the initial speed of the energy recovery phase was 0.45 m/s to 0.55 m/s with a step of
0.01 m/s; and the leakage coefficient of the hydraulic cylinder was 1.81 × 10−12 m3/s/Pa
to 2.21 × 10−12 m3/s/Pa with a step of 1 × 10−13 m3/s/Pa.

The peak time of recovered energy was predicted using five models: Linear Regression
(LR), Random Forest (RF), Support Vector Machine (SVM), Gaussian Process Regression
(GPR), and NN. Model performance was evaluated based on Root Mean Square Error
(RMSE), R2, and Mean Absolute Error (MAE).

The RMSE, R2 and MAE values for the five models are shown in Table 2.

Table 2. Performance metrics for the 5 models.

Model RMSE R2 MAE

LR 0.0028611 0.99745 0.0022605
SVM 0.0014435 0.99935 0.0010713
GPR 0.0003302 0.99996 0.00026615
RF 0.015403 0.92604 0.011819
NN 0.0003256 0.99997 0.0002668

By comparing all performance metrics (RMSE, R2, and MAE) of the models in Table 2,
the Neural Network (NN) model demonstrates superior performance across all three in-
dicators (R2 ≈ 0.99997, RMSE = 0.0003256, MAE = 0.0002668); thus, NN is selected for
predicting the peak time of recovered energy.

The blue points in Figure 3 indicate the relationship between the actual values and
the predicted values for each data sample, and these points are roughly distributed along
a straight line, indicating a strong linear relationship between the predicted and actual
values. The red dashed line is the fitting line, which indicates the best linear relationship
between the predicted and actual values. The data points are closely distributed around the
fitting line, indicating that the model has superior predictive performance, with minimal
differences between predicted and actual values.

Figure 4 shows that the peak time prediction error of NN ranges from approximately
−10−3 s to 10−3 s. The frequency of an error of 0 is the highest, indicating that most
prediction errors are close to 0, meaning that the model’s prediction results are very
close to the actual values. The graph is roughly symmetrical, suggesting that the error
distribution is close to a normal distribution, i.e., the errors are evenly distributed in both
positive and negative directions. The errors are mainly concentrated between −0.0005 and
0.0005, indicating that in most cases, the model’s prediction results do not show substantial
differences from the actual values. At the two ends of the error range, the frequency is
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relatively low, indicating that extreme errors occur less frequently. Therefore, the prediction
accuracy of NN is high, and its performance is stable.

Figure 3. Peak time prediction results for NN.

Figure 4. Peak time prediction error distribution for NN.

4.2. Parametric Sensitivity Analysis of the Peak Time of Recovered Energy

The parameter sensitivity of the peak time of recovered energy was analyzed to derive
the relationship between the effect of mass, initial velocity and hydraulic cylinder leakage
coefficient on the peak time of recovered energy.

Figure 5 shows that there is a linear relationship between mass and the prediction peak
time of recovered energy, with a corresponding increase in this parameter as mass increases.

Figure 6 shows the relationship between the initial velocity and the prediction peak
time of recovered energy. There is a nonlinear relationship between the initial velocity and
the predicted peak time of recovered energy. At lower initial velocity, the change in the
prediction peak time is relatively small and the curve is relatively smooth. However, when
the initial velocity exceeds 0.5 m/s, the predicted peak time begins to increase substantially,
and the curve becomes steeper. Within this higher velocity range, the initial velocity has a
more pronounced effect on the predicted peak time of recovered energy.
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Figure 5. Relationship between load mass and predicted time to peak recovered energy.

Figure 6. Initial velocity versus predicted time to peak recovered energy.

Figure 7 demonstrates the relationship between the leakage coefficient and predicted
peak time of recovered energy. Because of the physical constraints of the actual system, the
value of the leakage coefficient cannot increase indefinitely within the operational range. In
the test, the fluctuation of the leakage coefficient is limited to a narrow range, resulting in
a minimal correlation between the leakage coefficient and the predicted peak time. This
relationship is so minimal that the change is hardly visible in the figure.

Figure 7. Leakage coefficients versus predicted time to peak recovered energy.
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In Figure 8, each point represents a data sample, with colors indicating the predicted
peak time of recovered energy. The color bar shows the range from 0.305 s to 0.516 s,
transitioning gradually from blue to red. As mass and initial speed increase, the predicted
peak time increases correspondingly. The initial speed demonstrates the strongest influence
on the predicted peak time, followed by mass, while the leakage coefficient has minimal
effect on the predicted peak time.

Figure 8. Combined effect of 3 parameters on peak prediction time.

In actual production, the machining speed and leakage coefficient remain rela-
tively constant, while the load mass varies with the mass of the workpiece being pro-
cessed. The effect of mass on the predicted peak time of recovered energy is substantial.
Therefore, it is necessary to predict the peak time of recovered energy under different
parameter conditions.

4.3. Switching Time Decision Strategy

From the statistics of the test data, the earliest predicted peak time of recovered energy
was 0.305 s, the latest was 0.515 s, and the average was 0.40575 s, with a standard deviation
σ = 0.060157 s.

To improve the system’s operational reliability, the predicted values were calibrated
using statistical parameters derived from both test data and current working conditions.
The confidence level of these predictions was quantified through a weighted scoring system.
Range indicators were designed to assess whether the predicted values conformed to the
physical boundaries established by the test data:

WR =


1 if Tpred ∈ [0.305, 0.515],

1.8 ·
(

1 − |Tpred −µtest|
Rtest

)
otherwise.

(20)

where Tpred is the prediction time, µtest is the test mean, and Rtest is the full range of test
values, equal to 0.515–0.305.

If the predicted value is within the range of values taken by the test, WR = 1, it
is fully plausible, and if it is outside that range, it is calculated according to the linear
decay formula.

A Gaussian probability density function was used to design a statistical metric for
assessing the match between predicted values and recent historical data:

WS = e−0.5·(
Tpred −µhist

σhist
)

2

(21)
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where µhist is the historical mean of the current working conditions and σhist is the
standard deviation of the historical data for the current working conditions.

The exponential decay characteristics ensure that the decay magnitude increases
proportionally with greater deviations from the historical mean value of the current
operating conditions.

The weights were distributed according to 60% and 40% to form a credibility
score formula:

C = 0.6 · WR + 0.4 · WS (22)

When the scoring formula calculates a confidence value, the predictions are considered
highly reliable and are used directly without correction.

When 0.5 ≤ C < 0.6, the correction formula is applied:

T =


(

Tpred + 0.305
)

/2 if Tpred < 0.305,(
Tpred + 0.515

)
/2 if Tpred > 0.515.

(23)

When C < 0.5, the prediction value is considered to deviate significantly from the
theoretical expectation. In this case, the current prediction is abandoned in favor of a
conservative estimate. Commutation is triggered at 0.3 s when the predicted value was
less than 0.305 s, and at 0.53 s when the predicted value was greater than 0.515 s to ensure
system safety.

5. Simulation and Experimental Validation
5.1. Software Simulation Test
5.1.1. Simulink-Amesim Joint Simulation Platform

Simulation tests were conducted using Simulink (2024b) and Amesim (2404) in a joint
simulation approach. Figure 9 shows the Amesim model, while Figure 10 presents the
Simulink model.

Figure 9. Amesim model.
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Disvrete
1 × 10−5 s

Figure 10. Simulink model.

This platform integrates the advantages of two simulation tools. Simulink is responsi-
ble for implementing control algorithms and data processing, while Amesim is used for
physical modeling of hydraulic systems. The S-function interface of Amesim is utilized
to generate modules compatible with Simulink, and these modules are imported into the
Simulink environment. This interface contains all the input/output ports of the hydraulic
system, enabling Simulink to directly interact with the Amesim model. A fixed-step solver
strategy is adopted for time synchronization. Simulink and Amesim use the same basic
time step (0.01 s) to ensure precise data exchange between the two environments. At each
time step, Simulink first calculates the control output and then transfers it to Amesim.
After performing hydraulic system calculations, Amesim returns the results to Simulink
for the next control decision making. A complete variable mapping table is established to
ensure correct data conversion between the two environments. The key mappings are as
follows: from Simulink to Amesim: motor speed command and accumulator orifice size
(set to 4.8 mm); from Amesim to Simulink: pump torque, piston speed, and solenoid valve
status signal.

The co-simulation platform performs initialization synchronization at the start of each
simulation to ensure consistent system states. During the simulation process, Simulink
controls the overall workflow, and the data exchange frequency is equal to the basic time
step, ensuring no data loss between the two environments.

5.1.2. Simulation Test

The load mass is 20,000 kg, the initial speed of the energy recovery phase is 0.45 m/s,
and the leakage coefficient is 2.01 × 10−12 m3/s/Pa for the energy recovery test. The
predicted peak time of energy recovery is 0.38 s after braking. After 4 s of forward motion,
braking was initiated. Figure 11 shows the energy recovery effect when the commutation
time is taken as 0.5 s.
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Figure 11. The energy recovery effect when the reversal time is taken as 0.5 s.

Figure 11 shows that in the energy recovery process, the peak value of the recovered
energy occurs roughly at 4.38 s. If the commutation is performed at 4.5 s, the system
cannot achieve the purpose of maximizing the recovered energy, and it prolongs the
energy recovery phase. The total energy recovered has a peak value of 972 J. The peak
energy recovered by the accumulator is 641 J. The energy recovered by the motor increases
with time.

Instead of initiating commutation in the energy recovery phase, the load is allowed
to oscillate freely until it stops. The energy recovery effect for this scenario is shown in
Figure 12.

Figure 12. Load free oscillation energy recovery effect.

Figure 12 shows that without commutation, allowing free oscillation until the system
stops, the energy recovered by the motor continues to increase over time. Meanwhile,
the energy recovered by the accumulator oscillates with a decreasing trend, causing the
overall energy to follow an oscillating pattern. The peak value of the total recovered energy
decreases progressively as time increases, until the load eventually stops moving.

Energy recovery can be maximized by accurately predicting the time of peak recovered
energy and initiating commutation at the optimal moment.

Figure 13 illustrates the load motion speed profiles when commutation is initiated at
two different times: 0.38 s and 0.5 s after the start of the energy recovery phase.
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Figure 13. Speed effect with different reverse start times.

Figure 13 demonstrates that initiating commutation at 0.38 s allows the system to enter
steady state faster than when commutation occurs at 0.5 s. Additionally, the steady state
speed accuracy is higher with the earlier commutation timing.

The pressure dynamics of the hydraulic system in the energy recovery phase differ
significantly between systems with and without an accumulator. Figure 14 illustrates the
pressure changes in the right chamber of the hydraulic cylinder during the energy recovery
phase for both configurations.

Figure 14. Effect of pressure change in the right chamber of the hydraulic cylinder during the energy
recovery stage.

The comparison in Figure 14 between configurations with and without an accumulator
clearly demonstrates that the configuration with an accumulator is more effective; with
an accumulator, the pressure peak in the hydraulic cylinder chamber during the energy
recovery phase is substantially reduced, and the pressure change curve is smoother, avoid-
ing the sharp pressure fluctuations that occur without an accumulator. This improvement
provides multiple benefits to the system. First, the lower pressure peak reduces hydraulic
shock and decreases the risk of fatigue in pipelines and components; second, the smoother
pressure change enhances the stability of system control, facilitating precise speed control;
finally, this characteristic also reduces energy loss, indirectly improving energy recovery



Energies 2025, 18, 2622 18 of 23

efficiency. Therefore, installing an accumulator is an effective measure to improve system
reliability and energy efficiency.

The load mass is 30,000 kg, the initial speed of the energy recovery phase is 0.45 m/s,
and the leakage coefficient is 2.01 × 10−12 m3/s/Pa for the energy recovery test. Two sce-
narios with misreported mass values were tested to evaluate system robustness.

First scenario: When the mass is misreported as 33,000 kg, the maximum peak time
is predicted to be 0.515714 s. According to the credibility calculation system, a credibility
value of 0.5896 is obtained. The commutation time decision system identifies the parameter
discrepancy and adjusts the commutation timing to 0.5154 s.

Second scenario: When the mass is misreported as 35,000 kg, the maximum peak time
is predicted to be 0.532 s, resulting in a confidence value of 0.4748. The commutation time
decision-making system determines that there is a significant parameter error and sets the
commutation timing to 0.53 s.

The effect of these different commutation timings on motion velocity is illustrated in
Figure 15.

Figure 15. The effect of motion velocity in reverse time is obtained with different errors in
the parameters.

Figure 15 demonstrates that the proposed credibility-based decision system effectively
compensates for parameter discrepancies, ensuring a smooth transition during commuta-
tion even when the input mass values contain errors.

5.2. Bench Test

Figure 16 illustrates the pump-controlled grinder test bench, which includes the main
hydraulic components, such as a servo motor, a quantitative pump, an accumulator, a
hydraulic cylinder, a make-up motor, and load platform. Additionally, the test bench is
equipped with an electrical control cabinet that serves as the core of system control and
data processing. The control cabinet contains controllers, servo drives, data acquisition
hardware, and safety circuits. The system collects signals such as hydraulic cylinder velocity,
motor torque, and hydraulic cylinder pressure in real time to calculate the recovered energy.
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Figure 16. Pump-controlled grinder test bench.

The detailed specifications of the test bench components are presented in Table 3.
Experiments were conducted using the test bench to validate the proposed commutation
strategy. The electric power regenerated by the motor was calculated from voltage and
current measurements, and then integrated over time to determine the total electrical
energy recovered. The hydraulic energy recovered by the accumulator was calculated
based on the measured pressure changes. The total recovered energy represents the sum of
both the electrical energy from the motor and the hydraulic energy from the accumulator.
Figure 17 illustrates the energy recovery performance under the experimental conditions.

Table 3. Test bench parameters.

Parameter Name Unit Value

Servo motor rated torque Nm 254
Servo motor rated speed r/min 1800

Servo motor power kW 48
Hydraulic pump

displacement mL/r 200

Accumulator volume L 0.5
Accumulator orifice

diameter mm 4.8

Load mass t 10

Figure 17 shows that the motor recovers energy relatively quickly during the initial
stage, with significantly less energy recovered after 4.05 s. This behavior differs from the
simulation results, where the motor’s recovered energy showed a steadily increasing trend.
This discrepancy is primarily attributed to energy losses during the actual power generation
process. During operation, the motor has mechanical friction losses and electromagnetic
losses. Electromagnetic losses mainly include iron loss and copper loss. Iron loss is related
to the motor’s frequency and magnetic flux density, while copper loss is proportional to the
square of the current. At low speeds, the motor frequency is low, and iron loss is relatively
small, but due to the larger current, copper loss is dominant. Coupled with friction losses,
this leads to lower power generation efficiency. At high speeds, the frequency increases,
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and although iron loss increases, the power generation efficiency is higher due to the
significant increase in induced electromotive force and generated power. In actual working
conditions, the energy recovered by the motor is not directly proportional to the motor
speed; the recovery efficiency is higher only in the initial stage of braking and lower during
the low-speed oscillation phase. Therefore, predicting the optimal timing for commutation
can improve energy recovery efficiency, reduce losses, shorten braking time, and enhance
the grinder’s overall operational efficiency. The experimental results also indicate that the
energy recovery peak occurs at 0.3 s after braking begins. When commutation is initiated
at this optimal time (0.3 s after braking), compared to using a fixed time of 0.4 s, the total
recovered energy increases by 100 J, representing a 14.3% improvement in energy recovery
efficiency. Furthermore, initiating commutation at 0.4 s causes increased pressure on the
opposite side of the hydraulic cylinder, which hinders the commutation process and further
reduces energy utilization efficiency. Thus, initiating commutation at 0.3 s delivers an
energy recovery efficiency at least 14.3% higher than at 0.4 s. Additionally, the process time
is reduced by 0.1 s, representing a 25% improvement in commutation time efficiency.

Figure 17. Energy recovery effect.

Figure 18 shows how initiating commutation at different times affects the load motion
speed profiles.

Figure 18. Experimental load speed profiles with different commutation timings (0.3 s and 0.4 s).
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Figure 18 demonstrates that initiating commutation at 0.3 s enables the system to enter
steady state and reach the target speed faster than when initiating at 0.4 s. This shortened
speed adjustment time before grinding operations further improves the pump-controlled
grinder’s overall operational efficiency.

6. Conclusions
This research addressed the critical challenge of maximizing energy recovery and

ensuring smooth, rapid commutation in pump-controlled grinders with significant inertia
characterized by frequent reciprocating motions. A dual-mode synergistic energy recovery
system, integrating motor regeneration and hydraulic accumulator storage, was proposed
and analyzed. The core contribution is the development and validation of a novel commu-
tation control strategy based on accurately predicting the peak time of recovered energy.

A mathematical model of the pump-controlled grinder with dual-mode recovery was
established. Through extensive simulations covering various operating parameters (load
mass, initial velocity, leakage), the NN model was identified as the most effective predictor
for the peak time of recovered energy, substantially outperforming LR, SVM, GPR, and RF
models (NN R2 ≈ 0.99997). Sensitivity analysis revealed that load mass and initial velocity
are the dominant factors influencing the peak time of recovered energy.

Based on the NN prediction, an optimal commutation timing strategy was formulated,
incorporating a confidence scoring mechanism derived from statistical analysis of test data
and recent operational history. This adaptive approach enhances robustness by correcting
or defaulting to safe values when predictions fall outside expected ranges or exhibit low
confidence, effectively handling parameter uncertainties or errors.

Both simulation (Simulink–Amesim co-simulation) and experimental validation on a
10-ton load test bench confirmed the efficacy of the proposed strategy. Initiating commuta-
tion at the predicted peak time of recovered energy maximizes the captured regenerative
energy. Experimental results demonstrated a significant improvement, achieving a 14.3%
increase in recovered energy and a 25% reduction in commutation time compared to a fixed,
slightly delayed commutation strategy. Furthermore, this optimal timing leads to faster
settling times to the target velocity and smoother transitions, enhancing overall machine
productivity. The study also confirmed the benefit of the accumulator in mitigating pressure
shocks within the hydraulic system during the energy recovery phase.

In summary, the proposed dual-mode energy recovery system combined with the peak
energy time prediction and adaptive commutation strategy offers a robust and effective
solution for improving the energy efficiency, reducing cycle times, and enhancing the
operational stability of heavy-duty pump-controlled grinders.

This study conducted experiments and simulations under standard environmental con-
ditions; however, temperature and humidity fluctuations in actual industrial environments
may substantially affect system performance. In particular, temperature variations di-
rectly influence hydraulic fluid viscosity characteristics, thereby affecting system damping,
leakage properties, and energy conversion efficiency. Future research should systemati-
cally evaluate system performance under different temperature conditions and develop
temperature-adaptive control strategies that compensate for temperature-induced effects
through real-time parameter adjustments. The experiments in this study primarily focused
on a 10-ton load and medium velocity range. To enhance system robustness in industrial
environments, future research will extend to a wider range of testing conditions.
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