
����������
�������

Citation: Yi, T.; Jin, C.; Gao, L.; Hong,

J.; Liu, Y. Nested Optimization of

Oil-Circulating Hydro-Pneumatic

Energy Storage System for Hybrid

Mining Trucks. Machines 2022, 10, 22.

https://doi.org/10.3390/

machines10010022

Academic Editors: Pavlo Krot and

Radosław Zimroz

Received: 24 November 2021

Accepted: 25 December 2021

Published: 27 December 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

machines

Article

Nested Optimization of Oil-Circulating Hydro-Pneumatic
Energy Storage System for Hybrid Mining Trucks
Tong Yi 1,2 , Chun Jin 1,* , Lulu Gao 1,2, Jichao Hong 1,2 and Yanbo Liu 3

1 School of Mechanical Engineering, University of Science and Technology Beijing, Beijing 100083, China;
g20198538@xs.ustb.edu.cn (T.Y.); gaolulu@ustb.edu.cn (L.G.); hongjichao@ustb.edu.cn (J.H.)

2 Shunde Graduate School of University of Science and Technology Beijing, Foshan 528000, China
3 Building Safety Appraisal Station of Haidian District, Beijing 100083, China; g20198567@xs.ustb.edu.cn
* Correspondence: b0800553@ustb.edu.cn; Tel.: +86-0158-0141-8181

Abstract: In order to recover and utilize the potential energy of mining trucks efficiently, this paper
proposes a nested optimization method of a novel energy storage system. By analyzing the multi-
objective optimization problem of the oil-circulating hydro-pneumatic energy storage system, a
nested optimization method based on the advanced adaptive Metamodel-based global optimization
algorithm is carried out. Research shows that this method only requires a short time to solve
the complex nonlinear hybrid optimization problem and achieves better results. The optimized
energy storage system has higher system efficiency, energy density, and volume utilization rate, thus
obtaining a smaller system volume and weight. Verified by the bench experiment of its powertrain,
the hydro-pneumatic hybrid mining truck with the optimized energy storage system significantly
reduces its fuel consumption and CO2 emission. Thus, it lays the foundation for the practical
application of hydro-pneumatic hybrid mining trucks.

Keywords: hybrid mining truck; hydro-pneumatic layout; energy storage system (EES); oil-circulating
layout; Metamodel-based algorithm; multi-objective optimization

1. Introduction

Electric-drive mining trucks have heavy loading capacity and high transportation
efficiencies [1], as shown in Figure 1. They are widely used in large-scale open-pit mines
and construction sites, as shown in Figure 2. Unlike on-road trucks, off-road mining
trucks work at fixed routes [2]. They are usually driven 4–5 km uphill along a slope of
9%–12% grade with a full load, and then driven downhill without load [3]. Since they
have enormous curb weight, the recoverable potential energy is substantial when going
downhill [4]. In the downhill process, the mechanical braking energy is transformed into
regenerative electricity by traction motors, and then fed into the braking resistance to
generate heat, which dissipates in the air [5]. It is a waste of energy. Thus, it is important
to develop a feasible energy storage system (ESS) that could recover this energy in the
downhill process, and then reuse it in the uphill process [6]. It could significantly reduce
fuel consumption and CO2 emission in the mining industry.

There is already some research on hybrid mining trucks with battery ESSs aiming
to recover this energy. Ehsan et al. [7] summarize the current research and applications
of hybrid mining trucks. The study points out that the ESS for hybrid mining trucks
requires a large capacity. Thus, it could recover more potential energy, especially in cases
of heavy curb weight, long-distance and large slopes. Tim et al. [8] carry out a prototype
test of a modified hybrid mining truck. This experiment concludes that the current battery
technology is the main obstacle for practical applications. It results from the high cost and
short lifespan of battery ESSs [9].

Besides, open-pit mines in China are mainly distributed in high latitudes, where the
seasonal temperatures vary large [10]. In some of them, the temperatures in winter can
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reach−30 ◦C or even−40 ◦C. The low temperature will reduce the battery performance and
affect the recovery of potential energy [11]. Meanwhile, high-power charging or discharging
at low temperatures will accelerate the degradation of the battery [12], resulting in a high
cost of the hybrid mining truck with a battery ESS [13].

Figure 1. A mining truck of XCMG [14].

Figure 2. Mining trucks working at an open-pit mine.

Considering the shortcomings of the current battery, Chun et al. [15] explore alterna-
tive technique routes beyond battery ESS. They propose a comparative study of hybrid
mining trucks with different ESSs. It includes battery ESS, hydraulic ESS, supercapac-
itor ESS, and compressed-air ESS. The paper concludes that the hybrid mining trucks
with hydraulic ESS and compressed-air ESS have better economic benefits than battery
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ESS. Moreover, based on the current hydraulic and compressed-air ESS technologies, the
oil-circulating hydro-pneumatic energy storage system (OHESS) has been carried out
in recent studies [16,17]. The results show that the hybrid mining trucks with OHESS
could achieve a better performance for potential energy recovery than regular hydraulic or
compressed-air ESSs.

Despite OHESS’s advantages, its complex structure, discontinuous operation method,
and multiple dynamic heat transfer process, all lead to a complex nonlinear hybrid sys-
tem [17]. For the optimal structural design to increase the system efficiency and energy
density, it results in a complex black-box optimization problem. So, an efficient optimiza-
tion method is needed. Furthermore, for most ESSs, the structure and energy management
strategy (EMS) are coupled together [18]. The structure optimization is based on the corre-
sponding optimal EMS, and the EMS optimization should be founded on the corresponding
optimal structure. So, the overall optimization should consider both the optimal design
and optimal control at the same time and optimize the two together to obtain the optimal
scheme of OHESS. Thus, a nested optimization method with the two is required.

Aiming at the coupling optimization problem of the structure and EMS of ESS, some
scholars establish a multi-objective optimization analysis model and obtain the normalized
optimization objectives. A nested double-layer optimization method is adopted, with
the EMS in the inner layer, and the structure in the outer layer, to obtain the optimal
scheme of the ESS. Song et al. [19] carried out a multi-objective optimization framework for
the hybrid ESS of battery and supercapacitor, and obtained the trade-off solution of two
contradictory objectives on the Pareto front. Hung et al. [20] propose a nested optimization
method for hybrid ESSs. It takes the maximum energy storage capacity and minimum
fuel consumption as the two optimization goals, through a nested optimization method,
obtains an optimal scheme. The results show that the scheme could effectively reduce fuel
consumption and CO2 emission at a minimal system cost.

For complex nonlinear optimization problems, the appropriate optimization algorithm
that could search out the global optimal solution quickly and efficiently is the key issue [21].
Genetic algorithm (GA), as a classical global optimization algorithm, has been widely used
in many applications [22]. GA simulates the natural evolution and selection process [23].
It has the advantages of a simple process and strong scalability [24], and can be applied
to gray-box and even black-box problems [25]. However, GA iteratively searches for the
optimal solution by populations, which significantly increases the number of function eval-
uations (NFE), resulting in slow convergence and large computation costs [26]. Thus, the
Metamodel-based global optimization method is proposed to solve the complex nonlinear
optimization problems [27]. By integrating the Metamodel into the searching process, it sig-
nificantly reduces the NFE of the complex nonlinear functions and concentrates on the most
promising region of the global optimum [28]. As an efficient Metamodel-based algorithm,
the adaptive Metamodel-based global optimization (AMGO) has been developed in recent
research [29]. It is designed for solving highly nonlinear hybrid black-box optimization
problems like OHESS. Through the adaptive hybrid Metamodel of kriging and augmented
radial basis function, it could intelligently determine the most suitable Metamodel function,
so as to solve the optimization problem efficiently.

The traditional optimization methods for ESSs fail to solve the complex nonlinear
optimization problem of OHESS. In this paper, a nested optimization method of OHESS
based on the advanced AMGO algorithm is presented for the potential energy recovery of
hybrid mining trucks. This paper brings contributions in the field of mining trucks, which
are shown as follows:

1. The powertrain configuration of the hydro-pneumatic hybrid electric-drive mining
truck with OHESS is carried out and analyzed, as a way to recover the potential
energy of mining trucks when going downhill;

2. The experimental platform of the mining truck’s powertrain is developed. By this
means, the actual recovery power in the downhill process and fuel consumption in
the uphill process could be accurately measured for further optimization and analysis;
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3. A nested optimization method is put forward for the OHESS of hybrid mining trucks.
Based on the advanced AMGO algorithm, the complex nonlinear hybrid optimization
problem is solved with a lower computation cost. Compared with the multi-objective
comprehensive scheme, better optimization results of OHESS are obtained by the
nested method, which could significantly reduce the fuel consumption and the corre-
sponding CO2 emission of mining trucks.

The next sections are organized as follows: Section 2 introduces the powertrain con-
figuration of the hydro-pneumatic hybrid electric-drive mining truck, and the structure,
operation method, and characteristics of OHESS. Section 3 presents the working cycle test of
the mining truck and the bench experiment of its powertrain. Section 4 details the analysis
of the multi-objective optimization problem of OHESS. Section 5 carries out the nested
optimization method of OHESS and analyzes the results. Section 6 draws conclusions.

2. Hydro-Pneumatic Hybrid Electric-Drive Mining Truck

This section introduces the powertrain configuration of the hydro-pneumatic hy-
brid electric-drive mining truck, and the structure, operation method, and characteristics
of OHESS.

2.1. Powertrain of the Hybrid Electric-Drive Mining Truck

The powertrain of regular electric-drive mining trucks is composed of engine, gen-
erator, traction motors, braking resistance, and electric power converters, as shown in
Figure 3. In the uphill process, the engine outputs mechanical power into the generator,
which is transformed into alternating electric power. After the rectification and inversion,
the retransformed alternating electric power drives the traction motors to provide the
traction torque that the truck needs. While in the downhill process, the traction motors
provide regenerative brake torque. The braking resistance transforms the regenerative
electricity into heat that dissipates in the air, while the engine is idling to keep the cooling
and hydraulic systems functioning.

Figure 3. Powertrain of regular electric-drive mining trucks.
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Different from the regular powertrain configuration shown in Figure 3, the powertrain
of the hydro-pneumatic hybrid electric-drive mining truck adopts OHESS to recover the
downhill potential energy rather than dissipate it, as shown in Figure 4. Thus, most braking
resistance is omitted, leaving only some of it for special cases. In the downhill process, the
traction motors transform the mechanical braking power into alternating electric power.
After the rectification and inversion, the retransformed alternating electric power drives
the generator (works at motor mode) and then is transformed to mechanical power again.
As the generator is mechanically connected with the engine that connects the OHESS via
a transfer case, part of the mechanical energy reversely drags the engine without fuel
injection to keep the auxiliary systems functioning, and the rest is recovered by OHESS.
Since the lifting pump is not working in this process and has a rated power larger than the
reverse dragging power, it can be used as an energy conversion device of OHESS. While in
the uphill process, the power flow is similar to that in the powertrain of regular mining
trucks. The difference lies in the power source. In the hybrid powertrain, the engine and
OHESS jointly output mechanical power rather than the sole engine. The engine provides
the main required traction power, and OHESS supplies the rest.

Figure 4. Powertrain of the hydro-pneumatic hybrid electric-drive mining truck.

2.2. Oil-Circulating Hydro-Pneumatic Energy Storage System

This section presents the system structure of OHESS and details its operation method.
In addition, its energy storage characteristics are analyzed.

Different from regular hydraulic ESSs, the OHESS, combining the layouts of hydraulic
and compressed-air ESSs, is a novel compact hydro-pneumatic ESS that only needs a
small proportion of hydraulic oil [16]. As a special pressure ESS with the oil-circulating
layout, the OHESS has plural accumulators rather than a sole one and the accumulator
number could be arbitrary. The operation method of OHESS is shown in Figure 5, which
is a 3-accumulator one. Figure 5a presents the recovering stage I when the piston in the
No.1 cylinder is running right. The nitrogen is compressed into the nitrogen tank while
the hydraulic oil enters the No.1 cylinder. Figure 5b presents the recovering stage II when
the piston in the No.2 cylinder is running right. The process within is similar to the
No.1 cylinder in the recovering stage I, while now the air enters the No.1 cylinder and its
piston is running left. Figure 5c presents the recovering stage III, which is similar to stage II.
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After the three recovering stages, all nitrogen is compressed into the nitrogen tank and vice
versa for the releasing stages.

Figure 5. Operation method of OHESS: (a) Recovering stage I (Releasing stage III); (b) Recovering II
(Releasing stage II); (c) Recovering stage III (Releasing stage I) [17].
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The regular hydraulic ESS and the OHESS with the same energy storage capacity
were compared in a previous work [17], which indicates that the OHESS requires a lower
amount of hydraulic oil and system installation space. Figure 6 presents the system and
oil volume ratios of OHESS to regular hydraulic ESS. It shows that the OHESS with ten
accumulators accounts for only 10% of oil and 64.78% of installation space of the regular
counterpart’s. Therefore, it is an appropriate ESS for the potential energy recovery of hybrid
mining trucks.

Figure 6. The system and oil volume ratio of OHESS to regular hydraulic ESS [17].

3. Working Cycle Test and Bench Experiment of the Mining Truck

Aiming at the hybrid electric-drive mining truck with OHESS introduced in Section 2,
this section presents the working cycle test of the mining truck and the bench experiment
of its powertrain for further optimization research.

3.1. Working Cycle Test of the Mining Truck

Electric-drive mining trucks usually work at fixed routes. Their typical working cycle
is shown in Figure 7, including the following four stages:

1. A-B: The mining truck is started at the loading point with a full load, and driven
uphill to the unloading point;

2. B-C: The mining truck stops, and unloads the ores when the lifting pump is functioning;
3. C-D: After the unloading process, the mining truck is started without load, and

is driven downhill to the loading point. In this stage, the traction motors provide
regenerative brake torque and the braking resistance transform the regenerative
electricity into heat, when the engine is idling to keep the cooling and hydraulic
systems functioning;

4. D-A: The mining truck stops and waits for the ores to be loaded again.

As shown in Figure 8, our team took the XDE110 of XCMG, a 110 t electric-drive mining
truck, as the experimental target vehicle, whose specifications are shown in Table 1 [7].
Then they carried out its working cycle test on a route of an open-pit mine in Heihe, China,
whose results are presented in Figure 9. The parameters of the actual working cycle are
listed in Table 1.
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Figure 7. The transportation route of the mining truck [2].

Figure 8. Working cycle test of the mining truck: (a) Loading process of the mining truck; (b) Uphill
process with full load; (c) Downhill process without load.
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Table 1. Parameters in Working Cycle Test of the Mining Truck.

Type Parameter Value Unit Parameter Value Unit

Vehicle
specifications

Rated power of engine 895 kW Rolling resistance coefficient 0.02 1
Reverse dragging power 40 kW Gravitational acceleration 9.8 m/s

Unloaded mas 80,000 kg Air resistance coefficient 1 1
Loaded mass 190,000 kg Rated power of generator 865 kW
Rolling radius 1.37 m Rated current of generator 1709 A
Front face area 34.8 m2 Rated power of traction motor 345 kW

Air density 1.23 kg/m3 Rated current of traction motor 650 A
Reducer efficiency 95 % Rated voltage of DC bus 500 V

Working cycle
parameters

Total time 2480 s Total length 10.861 km
Uphill time 1240 s Maximum speed 30 km/h

Downhill time 1070 s Average speed 8.822 km/h
Unloading time 170 s Maximum slope 0.039 1

Figure 9. Actual working cycle of the target mining truck.

In the working cycle test, the DC bus voltage and current of the electric-drive mining
truck were measured. So that the electric braking and traction power could be calculated
for further simulation and experiments, as shown in Figure 10.
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Figure 10. The DC bus electric power of the electric-drive mining truck.

3.2. Bench Experiment of the Mining Truck’s Powertrain

To measure the actual recovery power of the OHESS of the mining truck in the
downhill process and analyze the influence of the EMS on the vehicle fuel consumption
in the uphill process, our team built an experimental platform for the powertrain of the
target electric-drive mining truck. The structural diagram of the experiment is shown in
Figure 11.

Figure 11. Bench experiment of the mining truck’s powertrain.

In this platform, the engine-generator set is the same model as the one in the target
vehicle XDE110 electric-drive mining truck of XCMG, as shown in Figure 12a. A 200 kW
load motor is adopted to simulate the lifting pump’s load and hydraulic motor’s traction
power. In order to realize the reversely drag control of the engine, our team developed the
generator driving control system for electric-drive mining trucks, as shown in Figure 12b.
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For the sensor signal acquisition and control signal output in the experiment, the SCADAS
signal acquisition system of LMS is adopted, as shown in Figure 12c.

Figure 12. The powertrain experimental platform of the electric-drive mining truck: (a) The overall
powertrain experimental platform; (b) The generator driving control system; (c) The SCADAS signal
acquisition system of LMS.
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In the working cycle test of the electric-drive mining truck presented in the previous
section, the DC bus voltage and current were measured and the electric braking and traction
power was calculated. Therefore, to meet the requirements of the actual working conditions,
the electric power in the bench experiment should be equal to the actual data shown in
Figure 10.

In the downhill process, the engine is reversely dragged by the generator and the
surplus mechanical power is recovered and converted into pressure energy by OHESS.
While in the bench experiment, the actual electric braking power at the DC bus, as shown
in Figure 10 after 1410 s, is the input power of the self-developed generator driving control
system. Thus, the generator could reversely drag the engine, and the surplus mechanical
power inputs into the load motor that simulates the lifting pump load through the transfer
case. Meanwhile, the torque-speed sensor connected to the load motor measures the
recovery power of OHESS and it is the exact input recovery power of the OHESS model for
the following optimization study.

In the uphill process, the engine and OHESS jointly output mechanical power, which
is then driving the wheel through the electric transmission system. Based on the following
optimization study in the next sections, the output traction power of OHESS is obtained.
Thus, in the bench experiment, the load motor controlled by the frequency converter
outputs this traction power to simulate the hydraulic motor of OHESS. By this means,
the fuel consumption and the corresponding CO2 emission under different optimization
schemes are obtained through the fuel gauge.

Considering that the actual joint output power of the engine and OHESS (simulated
by the load motor) in the bench experiment may not match the actual required electric
traction power shown in Figure 10, closed-loop control is adopted based on the engine
governor signal under the corresponding optimized EMS presented in the next sections.

4. Analysis of the Multi-Objective Optimization Problem

Based on the working cycle test of the mining truck and the bench experiment of its
powertrain presented in Section 3, this section details the analysis of the multi-objective
optimization problem of OHESS and obtains the global normalized optimization objective
for further research.

4.1. Multi-Objective Optimization Problem

Energy density E and system efficiency ηC are the two main design objectives of
OHESS. However, according to previous research [17], the two objectives are negatively
correlated due to the heat effect of OHESS. Therefore, it is necessary to analyze the corre-
lation between the two and select the appropriate weight factors to normalize them as a
single objective for the subsequent structural optimization [30]. Meanwhile, considering
that the mining trucks work with large environmental temperature differences, the impact
of the seasonal temperature change on OHESS’s performance should be taken into account.

For the convenience of the following research, the storage volume per unit energy JE
and the energy loss rate JC are adopted as the indicator of E and ηC, respectively, as shown
in Equations (1) and (2):

JE =
1
E

(1)

JC = 1− ηC. (2)

Although the two objectives are expected to be as small as possible, they are negatively
correlated. Thus, the appropriate weight factors (w1, w2) are needed to form a normalized
objective J shown in Equation (3).

J = w1 JE + w2 Jc. (3)
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The design space of OHESS Ω includes three optimization variables, which are listed
as follows:

→
x = (pmin, Nac, Nat)

T ∈ Ω, (4)

where
→
x is the optimization vector, pmin is the initial system pressure, Nac is the number of

accumulators, Nat is the number of nitrogen tanks.
To make full use of the volume of OHESS and realize “fully charge” and “fully dis-

charge”, the pmin in Ω is set from 11 MPa to 17 MPa, which corresponds to the upper limit
of the compression ratio range (<2.45) of the containers with the maximum pressure of
42 MPa and a certain redundancy; To achieve the complete recovery of the downhill poten-
tial energy of mining trucks, the total internal volume of all accumulators is determined
to be 1.7284 m3; as shown in Figure 6, with a certain total volume of accumulators, more
accumulators mean smaller volume and weight of the hydraulic oil and the corresponding
oil tank, which reduces the overall fuel consumption of the mining truck, thus the number
of accumulators is selected from 8 to 14. According to the above total internal volume of
all accumulators and the compression ratio range, the number of nitrogen tanks can be set
from 4 to 8, as shown in Equation (5).

Ω =


pmin ∈ {11, 12, 13, 14, 15, 16, 17}
Nac ∈ {8, 9, 10, 11, 12, 13, 14}
Nat ∈ {4, 5, 6, 7, 8}

. (5)

The main research steps in this section are as follows:

1. Select a
→
x from the Ω as the structural parameters;

2. The optimal EMS of the OHESS with the selected structural parameters is obtained by
using the Dynamic Programming (DP) algorithm;

3. Based on the model of OHESS established in the previous work [17], taking the
downhill recovery power measured in the bench experiment in Section 3.2 as the
charging power, and the output traction power of the OHESS under the corresponding
optimal EMS as the discharging power, the JE and JC of the OHESS are obtained.;

4. After calculating each
→
x in Ω, compare and analyze all the (JE, JC) in Pareto solution set;

5. Combining the ambient temperature comprehensive model, the global storage volume

per unit energy JE and the global energy loss rate JC corresponding to different
→
x

are obtained;
6. Consider the influence of different ambient temperatures on the Pareto optimal solu-

tion, select the appropriate weight factors (w1, w2), and form the global normalized
objective J.

4.2. Energy Management Strategy

This section analyzes the EMS of the hybrid mining truck with OHESS and establishes
the corresponding EMS optimization method based on the DP algorithm.

To reduce the fuel consumption and the corresponding CO2 emission of the hybrid
mining truck, the energy of OHESS stored in the downhill process should be released when
going uphill to provide part of the required traction power, so as to reduce the output
power of the engine. Therefore, it is necessary to analyze the factors affecting the fuel
consumption of the truck and determine the output power distribution strategy of the
engine and OHESS in the uphill process.

Concerning the powertrain of the hybrid mining truck with OHESS, the main factors
affecting the fuel consumption are the fuel consumption rate of the engine, the efficiency of
the electric transmission system, and the system efficiency of OHESS.

Based on the bench experiment in Section 3.2, the fuel consumption rate of the engine
is obtained and shown in Figure 13. It shows that the engine has the highest efficiency at
intermediate speed and load. Thus, the engine should work in the high-efficiency area,
and avoid the low speed and load area, especially the idling area. Meanwhile, within
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the whole working area of the engine, it shall be controlled on the curve of the lowest
fuel consumption rate. Considering that the engine and the generator are connected, the
generator should also work in its high-efficiency area, whose driving efficiency curve is
obtained by the bench test and shown in Figure 14.

Figure 13. Fuel consumption rate of the engine.

Figure 14. Driving efficiency of the generator.
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For the efficiency of the electric-drive system, besides the aforementioned generator
efficiency, the efficiency of the rectifier, inverter and traction motor should also be consid-
ered. In the working cycle test of the mining truck presented in Section 3.1, the transfer
efficiency of the electric power through the rectifier and inverter is measured and about
95%. Based on the bench experiment in Section 3.2, the efficiency of the traction motor is
measured and shown in Figure 15.

Figure 15. Efficiency of the traction motor.

For the system efficiency of OHESS, it can only be described as a black-box system since
there are many determinants and they are highly nonlinear. Therefore, based on the model
of OHESS [17], the system efficiency can be obtained through simulation analysis under a
certain

→
x and the corresponding optimal EMS. Moreover, to avoid heat accumulation after

working cycles, which leads to overheating, the OHESS only outputs the traction power but
does not accept the input engine power during the uphill process in the following study.

The DP is a discrete global optimization algorithm that is widely applied to solve the
problem of EMS of hybrid vehicles. In terms of the design stage of the hybrid mining truck,
we need to use this method to obtain the optimal solution for the OHESS optimization prob-
lem, and to evaluate the other results based on this benchmark. DP algorithm transforms a
large optimization problem into a group of interrelated sub-problems of the same type, so
it can use one certain decision-making method to solve the sub-problems more efficiently.
The optimization results of the previously solved sub-problem are used to calculate the
next sub-problem in turn. When the last sub-problem obtains the optimal solution, the one
optimal solution of the whole problem is obtained. Its process is shown in Figure 16.

Therefore, based on the above factor analysis, the DP algorithm is adopted to obtain
the optimal EMS of the hybrid mining truck. The fuel consumption of hybrid mining truck
Umd is the optimization objective, which can be expressed in Equation (6); the required
operation conditions of the powertrain are taken as constraints, namely the flow limit
of lifting pump and hydraulic motor qmax, the pressure limit of the accumulators and
nitrogen tanks pmax, the temperature limit of the hydraulic system Tmax, and the power
limit of the cooling system Pratecool , as shown in Equation (7); By superimposing the fuel
consumption of each time step, the total fuel consumption in the whole working cycle
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period t is obtained [31], in which the scheme with the minimum value is taken as the
optimal EMS.

minUmd =
t

∑
k=1

∆Umd(k) (6)

s.t.



Pdem(k) = PE(k) + Pcir(k) k ∈ [1, t]
max

[
T1

Hy(k), T2
Hy(k), Tcir

Hy(k)
]
≤ Tmax k ∈ [1, t]

p(k) ≤ pmax k ∈ [1, t],
|q(k)| ≤ qmax k ∈ [1, t]
Pcool(k) ≤ Pratecool k ∈ [1, t]

(7)

where Pdem is the required input or output power of the power assembly, PE is the engine
output power or reverse dragging input power, Pcir is the input or output power of OHESS,
T1

Hy is the temperature of pressured hydraulic oil, T2
Hy is the temperature of non-pressured

hydraulic oil, Tcir
Hy is the temperature of pipeline oil, p is the system pressure of OHESS, q is

the flow of lifting pump or hydraulic motor, Pcool is the cooling power.

Figure 16. Process of the DP algorithm.

Take the nitrogen volume of OHESS VCA as the state variable of DP, and the flow of
lifting pump and hydraulic motor q as the decision variable. The relationship between
them can be expressed in Equation (8) [32].

VCA(k) = VCA(k− 1) + q(k− 1). (8)

Based on the working cycle test data of rectifier efficiency and the generator efficiency
shown in Figure 14, Pdem(k) can be calculated by the demanded electric power on the DC
bus in the uphill process shown in Figure 10 and Pcir(k) can be obtained by the OHESS
model [17] and the decision variable q of DP, thus PE(k) shall be calculated by Equation (7).
Then, according to the engine fuel consumption rate shown in Figure 13, the Umd of the
power assembly can be obtained. The parameters of the DP algorithm are shown in Table 2.

4.3. Pareto Optimal Solution

Based on the above analysis, this section compares and analyzes the JE and JC corre-
sponding to different

→
x in Pareto solution set.

There are 245
→
x in the design space Ω. Each

→
x needs to go through the simulating

calculation of the DP and OHESS model. After calculating all the
→
x , draw each (JE, JC)
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together, as shown in Figure 17. It shows the relationship between energy density E and
system efficiency ηC of OHESS.

Table 2. Parameters of the DP algorithm.

Parameter Value Unit

t 2480 s
Tmax 56 ◦C
pmax 42 MPa
qmax 150 L/min

Pratecool 30 kW

Figure 17. Scheme results of OHESS.

Figure 17 shows that the JE and JC are two contradictory objectives. When one reaches
the ideal value, the other will deteriorate, that is, the E is inversely proportional to the ηC
of OHESS. The reason is that E mainly depends on the number of accumulators Nac. As
shown in Figure 6, more accumulators mean a smaller volume and weight of the hydraulic
oil and the corresponding oil tank, which reduces the overall fuel consumption of the
hybrid mining truck. However, according to previous research [17], increasing Nac will
degrade the thermal process and reduce the ηC due to the heat effect of OHESS. Besides,
although more nitrogen tanks will reduce E, it will avoid system overheating and improve
the ηC. In all the 245 schemes in Ω, JE ranges from 0.1577 L/Wh to 0.1840 L/Wh, and JC
ranges from 68.92% to 74.91%.

From the 245 schemes shown in Figure 17, 35 schemes close to the minimum values of
JE and JC at the same time are selected to form the Pareto front, as shown in Figure 18. To
choose the optimal solution from the Pareto front, two schemes are selected: #1 with the
smallest JE; And #2 with the smallest JC. Table 3 lists the optimization variables, objectives,
and other main parameters corresponding to the two schemes, where pmin of the two
schemes are the same and #1 has more accumulators, lesser nitrogen tanks, smaller system
volume VS and weight mS, and lower ηC. Whereas #2 has lesser accumulators, moderate
nitrogen tanks, larger VS and mS, and higher ηC.
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Figure 18. Pareto optimal solution at 0 ◦C.

Table 3. Two schemes on the Pareto front.

Parameter pmin Nac Nat JE JC E ηC VS mS

#1 13 14 8 0.1577 74.90 0.8423 25.10 3894.07 2932.15
#2 12 4 6 0.1768 68.96 0.8232 31.04 4475.36 3469.75

Unit MPa 1 1 L/Wh % Wh/L % L kg

Since JE and JC of the actual OHESS is between #1 and #2, the appropriate weight
factors (w1, w2) should be selected to normalize the two objectives. Considering that the
ambient temperature significantly affects E and ηC of OHESS [17], it should also be taken
into account.

4.4. Ambient Temperature Comprehensive Model

In practical application, the performance of OHESS will be affected by ambient tem-
perature. It is because the density of high-pressure nitrogen with the same pressure has a
distinct density in different temperatures, thus having various stored pressure energy. An
optimal parameter scheme in one temperature may not be optimal in another. For open-pit
mines in high latitudes, the seasonal temperatures vary greatly. However, the mining
trucks need to work continuously for 365 days in the open-air environment. Therefore, the
influence of the ambient temperature on the performance of OHESS should be considered.
The ambient temperature comprehensive model is established in this section.

An open-pit mine in Heihe, China with a large seasonal temperature difference is
selected as the application environment, whose temperature is shown in Figure 19 [33]. Due
to the massive data of the daily average temperatures throughout the year, it is divided into
six intervals to simplify the optimization calculation, that is, below −25 ◦C, from −25 ◦C to
−15 ◦C, from −15 ◦C to −5 ◦C, from −5 ◦C to 5 ◦C, from 5 ◦C to 15 ◦C, and from 15 ◦C
to 25 ◦C. The numbers of the actual temperatures that fall in each interval are recorded as
the ambient temperature weight b, namely, b−30, b−20, b−10, b0, b10, and b20. Therefore, the
global storage volume per unit energy JE and the energy loss rate JC can be calculated by
Equations (9) and (10).
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JE

(→
x
)
=

b−30·J−30
E

(→
x
)
+ b−20·J−20

E

(→
x
)
+ · · ·+ b20·J20

E

(→
x
)

b−30 + b−20 + · · ·+ b20 (9)

JC

(→
x
)
=

b−30·J−30
C

(→
x
)
+ b−20·J−20

C

(→
x
)
+ · · ·+ b20·J20

C

(→
x
)

b−30 + b−20 + · · ·+ b20 . (10)

Figure 19. Annual ambient temperature of Heihe, China in 2019 [33].

4.5. Transformed Single-Objective Optimization

Based on the above analysis, this section analyzes the two contradictory objectives, selects
the appropriate weight factors, and obtains the global normalized optimization objective.

Figure 19 shows that the seasonal ambient temperature varies greatly for mining
trucks. The maximum daily average temperature in summer is about 25 ◦C, while the
minimum one in winter can even reach −30 ◦C. To more comprehensively analyze the
OHESS performance in the annual working cycle of hybrid mining trucks, and hence obtain
the appropriate multi-objective normalized weight factors, the Pareto fronts at −30 ◦C and
25 ◦C are compared with it at 0 ◦C, as shown in Figure 20.

It can be seen that when the ambient temperature is 0 ◦C, scheme #1 with the minimum
JE, and #2 with the minimum JC, both have smaller JE than those at −30 ◦C and 25 ◦C.
This is because the pmin is calibrated at 0 ◦C. Whereas the nitrogen at −30 ◦C has the same
number of moles, which leads to a lower pmin. This pmin does not match the optimal volume
of accumulator and nitrogen tanks, hence affecting the E. The situation is similar when the
ambient temperature is 25 ◦C. Due to the fact that the OHESS with a selected scheme will
work throughout the year, choose the pmin calibrated at 0 ◦C could increase the E.

Since the JC at −30 ◦C is significantly higher than that at 0 ◦C and 25 ◦C, which
affects the overall fuel consumption of hybrid mining trucks, it should be ensured that
the selected scheme has a reasonable ηC under low temperatures. Therefore, the weight
factor w2 corresponding to JC is selected as 0.641, w1 corresponding to JE is selected
as 0.359. The scheme of the normalized objective at different temperatures is shown
in the intersection of the black dotted line and Pareto fronts in Figure 20. Combining
with the ambient temperature comprehensive model established in Section 4.4, the global
normalized optimization objective J, which is calculated by Equations (3), (9) and (10), can
be expressed as:

J = w1 JE + w2 Jc. (11)
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Figure 20. Pareto optimal solutions at different temperatures.

Since there are only 245 finite discrete schemes in Ω, which do not include the one
corresponding to J. Thus, the one in Ω, which is the closest to the scheme corresponding to
J, is selected as the multi-objective comprehensive scheme, whose pmin is 13 MPa, Nac is 12,
Nat is 6, E is 5.8173 Wh/L, ηC is 27.09%.

Based on the bench experiment described in Section 3.2, for the hybrid mining truck
with OHESS in this scheme, the reduced fuel consumption Ur and CO2 emission er are
21.93 kg/day and 67.11 kg/day, respectively.

5. Nested Optimization of the Energy Storage System

Based on the global normalized optimization objective J presented in Section 4, this
section obtains the optimal structure of OHESS under the corresponding optimal EMS
through nested optimization based on global optimization algorithms.

5.1. Nested Optimization Method

This section establishes a nested optimization method and solves the problem of the
OHESS structure and EMS optimization.

Consider the influence of the accumulator’s volume Vac and nitrogen tank’s volume
Vat on E, the volume correction coefficients of accumulators and nitrogen tanks, that is, bac
and bat, are introduced as the optimization variables. They are both range from 0.5 to 1.5,
and satisfied:

V∗ac = Vac·bac (12)

m∗ac = mac·bac (13)

V∗at = Vat·bat (14)

m∗at = mat·bat, (15)

where V∗ac is the corrected volume of the accumulator, mac is the original mass of accumula-
tor, m∗ac is the corrected mass of accumulator, V∗at is the corrected volume of nitrogen tank,
mat is the original mass of nitrogen tank, m∗at is the corrected mass of the nitrogen tank.
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The pmin is transformed from discrete variable to continuous one, hence a continuous
design space Ω is formed, as shown in Equation (16).

Ω =


Nac ∈ {8, 9, 10, 11, 12, 13, 14}
Nat ∈ {4, 5, 6, 7, 8}
pmin ∈ [11, 17]
bac ∈ [0.5, 1.5]
bat ∈ [0.5, 1.5] .

(16)

The inner layer of nested optimization takes the fuel consumption of hybrid mining
trucks Umd as the optimization objective and obtains the optimal EMS through the DP
algorithm. The solution process is the same as that in Section 4.2. After each optimal EMS
corresponding to a scheme in Ω is solved by DP, the power of OHESS and engine in the
working cycle can be calculated, thus the Jmd can be obtained.

The outer layer of nested optimization takes the global normalized objective J as the
optimization objective and obtains the optimal structural scheme by the global optimization
algorithm. Considering that in the process of global optimization search, each selected

→
x

in Ω needs to call the time-consuming DP algorithm, the global optimization algorithm
should have efficient search ability to solve this kind of complex black-box problem.

Figure 21 is the nested optimization flow chart, and the main steps are as follows:

1. Based on the global optimization algorithms, a
→
x are selected from the Ω as the input

to DP algorithm;
2. The DP algorithm is used to obtain the optimal EMS, which is the working condition

of OHESS;
3. Combine the simulation results of the OHESS and the ambient temperature compre-

hensive model to calculate J;
4. If the current solution satisfies the constraints, compare and update the optimal

solution, and then terminate the calculation when the stop criteria are met; otherwise,
repeat steps 1 to 3.

Figure 21. Flow chart of the nested optimization.
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5.2. Global Optimization Algorithms

To solve this complex nonlinear hybrid optimization problem, two global optimization
algorithms, GA and AMGO, are introduced in this section.

5.2.1. Genetic Algorithm

GA is a classical optimization algorithm. It simulates the evolution of an artificial
population with individuals containing genes (optimization variables) through the selection,
crossover, and mutation process [34]. Finally, the genes of the optimal individual in the last
generation are decoded to obtain the optimal solution to the optimization problem [35].

Figure 22 is the GA flow chart, and the main steps are as follows:

1. Initialize the population;
2. Evaluate the fitness of individuals in the population;
3. Select the reserved individuals by their fitness ranking, and eliminate the rest;
4. Generate the next generation by crossover and mutation operations on the

reserved individuals;
5. Repeat steps 2 to 4 until the stop criteria are met.

Figure 22. Flow chart of GA.

5.2.2. Adaptive Metamodel-Based Global Optimization

As an efficient Metamodel-based algorithm, AMGO is very effective for solving the
highly nonlinear hybrid optimization problem of OHESS. It adopts a hybrid Metamodel of
kriging and augmented radial basis function, and the adaptive weight factors of the two. A
sub-optimization problem is constructed during iterations to balance the local and global
search [36].

Figure 23 is the AMGO algorithm flow chart, and the main steps are as follows:

1. Generate the initial sample points by Latin hypercube sampling method;
2. Calculate the function value of each sample point and update the sample set;
3. Initialize the approximate optimal point and the corresponding value;
4. Construct the hybrid Metamodel according to the sample set;
5. Obtain the next sampling point by solving an optimization subproblem;
6. Calculate the actual function value of the next sampling point, and determine whether

to update the current optimal value by comparing them;
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7. Evaluate the errors of the two Metamodels at the next sampling point, and then
determine the weight factors of the hybrid Metamodels in the next iteration;

8. Update the sample set;
9. Repeat steps 4 to 8 until the stop criteria are met.

Figure 23. Flow chart of AMGO.
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5.3. Optimization Results

To solve the complex black-box problem of the nested optimization of OHESS, this
section adopts GA and AMGO algorithms to search for the global optimal solution.

Since nested optimization is very time-consuming, it takes about 38 min for each
function evaluation. Therefore, the NFE that reflects the total computation cost is the key
indicator to evaluate the selected global optimization algorithms [37].

The optimization calculation is carried out on a workstation with a dual CPU of Intel
Xeon silver 4208 (2.10 GHz) and 96 GB RAM. For the parameters of GA, the population
size is set as 10, the genetic algebra is limited to 40. The crossover rate and mutation rate
are set as 1.0 and 0.01, respectively. After 224.19 h of calculation, the best result of 0.5235
is obtained within 40 generations, as shown in Figure 24. The corresponding scheme is
pmin = 13.07 MPa, Nac = 13, Nat = 5, bac = 0.9063, bat = 1.2512.

Figure 24. Iterative results of GA.

With the same optimization objective, constraints, and variables, the iterative process
of the AMGO algorithm is shown in Figure 25. The first 25 points are training samples,
and the number of iterations is set to 100. After 65.37 h of calculation, the optimal solution
appears on the 52nd function call, the objective value is 0.5128, and the corresponding
optimal scheme is pmin = 13.15 MPa, Nac = 12, Nat = 6, bac = 0.9257, bat = 1.0711. It can
be seen that after the 25 initial training sample points, the infeasible solutions become less
and less. Meanwhile, with the increase of NFE, the AMGO algorithm can quickly find the
optimal region and update the optimal solution set until the stop criteria are met.

To comprehensively compare the performance of GA and AMGO algorithms, the
solution results of the two are compared in Table 4. The optimal solution obtained by the
AMGO algorithm is 2.1% lower than that of GA. The AMGO’s calculation time tc and
NFE are only 29.16% and 25.75% of GAs. This is attributed to AMGO’s advantage of
using Metamodel, which significantly reduces the computation cost of complex black-box
optimization problems [38]. Although GA can get the feasible solution after 224.19 h of
calculation, it needs more iterations to achieve the optimal solution. While the AMGO
algorithm based on an adaptive hybrid Metamodel reduces the NFE requirement, thus
converges to the optimal solution within 66 h.
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Figure 25. Iterative results of AMGO.

Table 4. Solution results of GA and AMGO.

Parameter J E ηC tc NFE pmin Nac Nat bac bat

GA 0.5235 6.249 27.29 224.19 400 13.07 13 5 0.9063 1.2512
AMGO 0.5128 6.135 29.12 65.37 103 13.15 12 6 0.9257 1.0711

Unit 1 Wh/L % h 1 MPa 1 1 1 1

5.4. Comparison Considering Different Annual Temperatures

Considering that the service life of mining trucks is about 10 years, the ambient
temperatures are different every year, which has a significant impact on OHESS perfor-
mance. Therefore, this section continues to use the AMGO algorithm but adopts ambient
temperatures in 2013 (colder) and 2017 (hotter), as shown in Figures 26 and 27.

Figure 26. Annual ambient temperature of Heihe, China in 2013 [33].
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Figure 27. Annual ambient temperature of Heihe, China in 2017 [33].

With the ambient temperatures in colder 2013, the optimal solution of AMGO is 0.5149.
The corresponding optimal scheme is pmin = 13.28 MPa, Nac = 12, Nat = 6, bac = 0.9365,
bat = 1.0684. While for the hotter 2017, the optimal solution is 0.5121. The corresponding
optimal scheme is pmin = 13.06 MPa, Nac = 12, Nat = 6, bac = 0.9288, bat = 1.0754.
To analyze the differences of the optimal schemes under three different annual ambient
temperatures, the relevant results are listed in Table 5.

Table 5. Solution results of AMGO in different years.

Parameter J E ηC pmin Nac Nat bac bat Ur er
Daily Temperature

Vs ms
Lowest Highest Average

2013 0.5149 6.097 28.85 13.28 12 6 0.9365 1.0684 23.12 70.75 −30.8 25.9 −3.2 4036.19 3098.86
2017 0.5121 6.139 29.23 13.06 12 6 0.9288 1.0753 23.65 72.37 −28.5 29.4 1.8 3985.77 3071.02
2019 0.5128 6.135 29.12 13.15 12 6 0.9257 1.0711 23.57 72.12 −30.1 24.5 −0.7 3997.52 3078.11

Unit 1 Wh/L % MPa 1 1 1 1 kg/day kg/day ◦C L kg

The optimal scheme of OHESS in hotter 2017 has a lower system volume VS, weight
mS, fuel consumption, and global normalization objectives. It has a smaller pmin and
accumulator volume but a larger nitrogen tank volume. While in the older 2013, the results
are opposite. This is because the pmin calibrated at 0 ◦C has higher pressure potential at
higher ambient temperature.

In summary, similar to the situation under different seasonal temperatures, different
annual temperatures will also affect the optimal solution of OHESS.

5.5. Comparison with Multi-Objective Comprehensive Scheme

In the previous multi-objective optimization analysis, the multi-objective comprehen-
sive scheme is pmin = 13, Nac = 12, Nat = 6. This section compares it with the optimal
scheme of the nested optimization.

To make full use of the volume of OHESS, it should realize “fully charge” and “fully
discharge”. That means the total volume of the accumulators should be as close as possible
to the volume change of nitrogen in the energy recovery process, so that the former can
be fully utilized, and further reduce the redundant volume. It can lower the weight of the
accumulators and the volume of circulating hydraulic oil, so as to cut down the additional
vehicle load of OHESS, thus reducing the fuel consumption and CO2 emission of the hybrid
mining truck.

Because the multi-objective comprehensive scheme is based on a finite solution set,
it does not take infinite continuous variables of Vac and Vat into account. Considering



Machines 2022, 10, 22 27 of 30

that the numbers of the accumulators in the multi-objective comprehensive scheme and
the nested optimal scheme are both 12, to achieve “fully charge” and “fully discharge”,
the volume of hydraulic oil in the odd-number functioning accumulator should complete
6 full-empty cycles just before the end of the process, that is, there should be six complete
waveforms before the red line in Figure 28. Define the volume utilization rate as 100%
when the system achieves “fully charge” and “fully discharge”. In this case, the volume of
hydraulic oil in the odd-number functioning accumulator should be reduced to 0 at the red
line in Figure 28 after 6 waveforms. For a case that it is not 0 at the red line, the ratio of
the volume of compressed nitrogen to the total volume of the accumulators is the volume
utilization rate.

Figure 28. Volume change of hydraulic oil at different temperatures: (a) −30 ◦C; (b) 0 ◦C; (c) 25 ◦C.
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In Figure 28a, there are almost six completed waveforms before the red line for the
optimal scheme of the nested optimization at−30 ◦C. The corresponding volume utilization
rate reaches 99.27%, while the one for the multi-objective comprehensive scheme is only
95.40%. Comparing Figure 28a–c, it can be found that although the volume utilization rate
decreases with the increase of the ambient temperature, the nested optimal scheme still has
a 90.63% one at the highest temperature. The relevant results are listed in Table 6.

Table 6. Multi-objective comprehensive scheme and nested optimal scheme.

Parameter J E ηC pmin Nac Nat bac bat Ur er
Volume Utilization Rate

Vs ms
−30 ◦C 0 ◦C 25 ◦C

Multi 0.5291 5.817 27.09 13.00 12 6 1 1 21.93 67.11 95.40 89.91 85.65 4127.15 3192.36
Nested 0.5128 6.135 29.12 13.15 12 6 0.9257 1.0711 23.57 72.12 99.27 95.04 90.63 3997.52 3078.11

Unit 1 Wh/L % MPa 1 1 1 1 kg/day kg/day % L kg

As shown in Table 6, compared with the multi-objective comprehensive scheme, the
nested optimal scheme has a lower optimization result, smaller volume VS and weight
mS, and lesser fuel consumption and CO2 emission. Moreover, the nested optimal scheme
also has a higher volume utilization rate under different ambient temperatures. Therefore,
taking bac and bat into account and using the advanced AMGO algorithm to solve the
complex nonlinear hybrid optimization problem of OHESS, can obtain better optimization
results with a lower computation cost.

6. Conclusions

In order to recover and utilize the potential energy of mining trucks efficiently, this
paper proposes a nested optimization method of its novel energy storage system. By
analyzing the multi-objective optimization problem of the oil-circulating hydro-pneumatic
energy storage system, a nested optimization method based on the advanced adaptive
Metamodel-based global optimization algorithm is carried out. With the data from the
working cycle test and bench experiment of the mining truck, the optimization research
shows that this nested method only requires a short time to solve the complex optimization
problem, and achieves better results. The optimized scheme has higher system efficiency,
energy density, and volume utilization rate, thus obtaining a smaller system volume and
weight. Verified by the bench experiment of its powertrain, the hydro-pneumatic hybrid
mining truck with the optimized scheme reduces its fuel consumption and CO2 emission
by 23.57 kg/day and 72.12 kg/day compared with the reverse dragging one, respectively.
Considering the idling fuel consumption of regular mining trucks in the downhill process
is 189.84 kg/day, the total fuel saving and CO2 emission reduction are 213.42 kg/day and
652.83 kg/day, respectively.

The above conclusions carry out a feasible solution to the complex nonlinear hy-
brid optimization problem of the oil-circulating hydro-pneumatic energy storage system.
Therefore, it lays the foundation for the practical application of hydro-pneumatic hybrid
mining trucks.
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