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Abstract—To achieve fine control of multilayer tempera-
ture uniformity and energy consumption in a battery ther-
mal management system (BTMS), a model predictive con-
trol (MPC) based on the reduced-order model and the heat
generation previewer is proposed in this work. A direct
contact liquid cooling battery pack is adopted to verify the
control strategy. The control-oriented reduced-order model
is developed for online multilayer temperature distribution
acquisition. A heat generation predictor coupling with a
dual neural network is integrated into the MPC controller
to provide accurate future disturbances preview. The re-
sults indicate that the BTMS can be controlled to the target
temperature with less overshoot. Besides, the temperature
difference of the cell, module, and pack level can be limited
to 0.8 °C, 1 °C, and 2 °C, respectively, decreasing the state of
health difference among the cells. For energy consumption,
the proposed method improves up to 56.48%.

Index Terms—Battery thermal management, energy con-
sumption, model predict control, reduced-order model,
temperature uniformity.

I. INTRODUCTION

THE rapid popularization of electric vehicles (EVs) has
aroused great attention to safety issues [1]. Lithium-ion

batteries (LIBs) are vulnerable to temperature that an excessively
high or low temperature will be detrimental to their safety,
durability, efficiency, etc. [2]. The thermal performance of LIBs
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is generally regulated by battery thermal management system
(BTMS) in EVs with large battery packs. The main objective
of BTMS is to control the batteries within the optimal temper-
ature range, normally from 20“°C to 40“°C [3], [4]. Besides,
it is important to address temperature uniformity since it has
a significant impact on the consistency of the batteries, which
in turn impacts their capacity, longevity, and other properties
[5], [6]. Therefore, a significant development trend is toward
fine thermal management, where both the temperature range and
the temperature difference should be well controlled. However,
achieving fine control of BTMS remains challenging due to
the lack of real-time information on the multilayer temperature
distribution [7], [8].

In practice, BTMSs are generally combined with the passen-
ger cabin heating-ventilation-air-conditioning (HAVC) system
or other heat dissipation components, such as the heat pump
air condition system integrated in Tesla [9]. Compared with
traditional fossil fuels, LIBs have lower energy density with
a longer time to full charge, which causes “range anxiety.” The
thermal management component is one of the main energy-
consuming sources in EVs, such as refrigeration and heating
equipment [10]. The relevant energy consumption is particularly
obvious in the battery packs with large capacity. Researches
have shown that the driving range can be reduced by 40%
when the HAVC systems are utilized [11]. When facing extreme
weather, the large additional power consumption is inevitable
[12], [13]. Therefore, the control strategy of the BTMS should
be comprehensive optimized in terms of thermal performance,
energy consumption, and even for the life span [14], [15].

The integrated control strategy at present, such as the rule-
based control [16], proportion integration differentiation control
[17], and fuzzy control [18], are feasible to limit the temperature
within the optimum range according to the real-time feedback
through the temperature sensors. Further, some active control
methods have been adopted to adjust the maximum temperature
and temperature uniformity in the air cooling-based BTMS
[19]. Nevertheless, although such methods are robust and easy
to implement, the control delay is readily apparent. The large
inertia of thermal systems results in a lagged response of control
outputs and variables, leading to significant overshoot and en-
ergy loss. To solve such problems, some optimal control methods
have been introduced in BTMS. By combining with the priori
information, both the system response and energy efficiency
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are taken into account. Lee et al. [20] applied Pontryagin’s
maximum principle in controlling temperature and energy. The
dynamic programming (DP) algorithm has been introduced in
the optimal control trajectory to achieve global cost optimization
[21]. Besides, machine learning methods have been developed
to improve the control effect. However, the insufficient priori
information and calculation complexity hinder the online appli-
cation of these methods.

The model predictive control (MPC) method is an attractive
solution due to its fast response times and real-time optimization
capabilities. Meanwhile, it has less computational complexity
compared with the DP method. The control variables can be
changed in advance to prevent an overshoot in the high inertia
system by predicting the temperature trend. The MPC-based
schemes have been conducted in BTMSs by some researchers.
Xie et al. [22] considered the battery life in the MPC-based
battery temperature control. Zhuang et al. [23] adopted fuzzy
MPC to adjust the cooling efficiency of an air-cooling-based
BTMS. A stochastic model with unequally spaced probability
distribution was adopted in MPC control according to the work in
[24], the results show the improvements of thermal performance
and less energy consumption. Zhao et al. proposed a two-layer
MPC strategy for BTMS and HVAC coupled system to improve
the real-time implementation capability [25], [26]. Similarly,
a hierarchical MPC was utilized in connected and autonomous
vehicles to reduce energy cost in [27]. In an air-based BTMS, Liu
et al. [28] and [29] explored the MPC controller in combination
with the variable structure to obtain good control effectiveness.
The cooling channel could be switched to different types to adapt
to different situations.

As mentioned earlier, thermal uniformity plays a crucial role
in determining the capacity and lifespan of a battery system.
However, the multilayer temperature distribution has seldom
been considered in the above-mentioned MPC-based methods
used in BTMS, making it difficult to achieve fine tempera-
ture control. The single cell is considered as a homogeneous
body with uniform temperature distribution in most existing re-
searches. Actually, a substantial temperature differential within
a single cell is not uncommon, which is measurable in the
high-rate charge/discharge process [30]. Besides, the temper-
ature differences for a battery pack are not easy to be obtained
online, making fine temperature control difficult. Additionally,
the accuracy of the model directly impacts the effectiveness of
control, resuting the uncertainty in forecasting. It accordingly
hinders the online optimization for the MPC.

To address these issues, a reduced-order multiphysics cou-
pling model is proposed in this work to depict the multilayer
temperature distribution online. Besides, a composite neural
network (NN) model is put forward to predict future heat genera-
tion. The fine thermal control for BTMS is achieved through the
MPC method by integrating the temperature distribution model
and heat generation predictor. The MPC algorithm is applied
in a direct-contact liquid cooling system (DCLCS) with four
control inputs. The proposed method is verified experimentally
and compared with the traditional rule-based control strategy
to demonstrate its superiority in thermal performance and en-
ergy saving. Furthermore, the state of health difference (dSOH)

Fig. 1. Framework of the proposed MPC-based BTMS control strategy.

among the cells caused by temperature inconsistency is also
studied. The main contribution of this work is designing a novel
thermal control system that achieve fine control of multilevel
temperature for battery packs. The online prediction of mul-
tilayer temperature is the prominent innovation that achieved
by the multiphysics reduced-order model and dual NN-based
predictor. The MPC strategy is conducted on this basis. The
proposed methods make efforts to explore the optimal BTMS
design and control.

The rest of this article is organized as follows. Section II
introduces the MPC-based control method. The experiment
platform is described in Section III. In Section IV, the control
effect of the proposed scheme is validated and compared with
other strategies. Section V presents the main conclusions.

II. MPC-BASED BTMS CONTROL STRATEGY

The proposed framework of the MPC-based BTMS control
strategy is presented in Fig. 1. The proposed control strategy
mainly includes four parts: 1) the DCLCS; 2) the control-
oriented predictive model; 3) the heat generation predictor
integrating with the dual NN-based current previewer; 4) the
MPC part, which including the feedback correction, reference
trajectory, and receding horizontal optimizer. The reduced-order
multifield coupled model comprises the electrical, thermal, and
flow submodels. The specific contents will be introduced in the
following sections.

A. Control System Design of the Liquid-Based BTMS

In this work, the proposed control strategy is applied in a
battery pack integrated with DCLCS. To concisely explain the
method, the battery pack consists of three modules, each with
six interconnected battery cells. The temperature uniformity
includes threefold: cell, module, and pack. The uneven temper-
ature of the single cell is mainly attributed to the effectiveness of
the tabs [31]. At the module level, the temperature uniformity is
determined by the coolant flow, where the coolant temperature
becomes the dominant factor at the pack level.

To achieve the fine control of multilayer thermal performance,
the control system of the liquid-based BTMS is designed as
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Fig. 2. Direct-contact liquid cooling BTMS and the control design.

shown in Fig. 2. Four control variables are applied to adjust the
thermal performance of different levels, namely the flow rate
1–2, Tc, and the flow direction. The coolant flows through two
pathways responding to the upper and lower sides to reduce
the temperature difference in the cell level. The total flow
rate is determined by the pump, where the flow distribution is
determined by the solenoid valve. To meet the heat exchange
requirements, the coolant temperature control is critical, which
is also the main source of the energy consumption. To restrain
the uneven temperature distribution of different modules caused
by the coolant temperature variation, the reciprocation flow is
available that determined by the pump. As a whole, fine thermal
control can be achieved by combining the above-mentioned four
control inputs.

B. Control-Oriented Reduced-Order Model

In this work, a DCLCS is employed as a case study for analysis
purposes. The battery pack is composed of three battery modules
with the same structure. To describe the multilayer temperature
distribution in real time with less computation cost, a reduced-
order multiphysics coupling model is established consisting of
three main submodels: the electrical model, the thermal model,
and the flow model. The electrical model is applied to describe
the heat generation mechanism of the battery, and the flow
model is adopted to calculate the difference in heat dissipation
characteristics among the cells. The schematic diagram of the
submodels and their relationship is shown in Fig. 3.

1) Electrical Model: The electrical model is derived from the
Thevenin equivalent model that involves the state of charge
(SOC), terminal voltage, open-circuit voltage, distributed re-
sistance, and capacitance. The heat generation rate of different
heat sources is calculated by the electrical model and sent to the
thermal model to characterize the uneven heat production of the
single cell. The relevant equations are expressed as follows:

R0 = Rp +Rn + Re1Re2
Re1+Re2

U = Uocv + iR0 + U1

dU1
dt = − U1

R1C1
+ i

C1

(1)

Fig. 3. Reduced-order multiphysics coupling model for liquid-cooling
BTMS.

where Rp and Rn represent the internal resistance of the positive
and negative tabs, which is determined by the material of current
collectors.

2) Thermal Model: The three-heat-source thermal model is
proposed to calculate the nonuniform temperature distribution of
the single cell. The heat production rate of the three independent
heat sources (Q1, Q2, and Q3) can be calculated according to the
distributed resistance, formulated as follows:

Q1 = i2
2Re2 +

U 2
1

R1
+ i2T1

∂U
∂T1

Q2 = i2Rn +
i2

1Re1

2

Q3 = i2Rp +
i2

1Re1

2

. (2)

On this basis, the uneven temperature can be presented by four
feature points (T1, T2, T3, and T4), which are arranged nearby
the two tabs, center and bottom of the cell, respectively. The
temperature of four feature points is derived as follows:

Ct
dT2
dt = Q2 − T2−Tc

Rh+Rx1
− T2−T1

Ry2+Rx1
− T2−T3

Rx1+Rx2
− T2−Tamb

Rair

Ct
dT3
dt = Q3 − T3−Tc

Rh+Rx2
− T3−T1

Ry2+Rx2
− T3−T2

Rx1+Rx2
− T3−Tamb

Rair

Ct
dT1
dt = Q1 − T1−T4

Ry1
+ T2−T1

Ry2+Rx1
+ T3−T1

Ry2+Rx2

Ct
dT4
dt = T1−T4

Ry1
− T4−Tc

Rh

(3)
where Ct represents the equivalent thermal capacity of battery.
Rx1, Rx2, Ry1, and Ry2 are the equivalent thermal resistances
that require accurate identification. Rh represents the thermal
resistance that indicates the effect of convective heat transfer
between the cell and coolant.

3) Flow Model: The temperature inhomogeneity of different
cells in the module is mainly caused by various heat dissipation
conditions. The cooling efficiency mainly depends on two as-
pects: the temperature difference and convection heat transfer
intensity, where the latter factor is positively correlated with the
flow velocity. The flow resistance network model (FRNM) is ap-
plied to fast calculate the velocity distribution. The expressions
of the FRNM can be written as follows:

ΔPloss,FC2,i+ΔPloss,MC2,i +ΔPloss,RC2,i −ΔPloss,MC3,i = 0
(4)

ΔPloss = ΔPlocal +ΔPfriction (5)
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where ΔPloss represents the total pressure loss, containing the
local pressure loss ΔPlocal and friction pressure loss ΔPfriction.
FC, MC, and RC stand for the front channel, middle channel,
and rear channel, respectively. The local pressure loss and fric-
tion pressure loss can be expressed by the function of coolant
velocity, as follows [32]:

ΔPfriction,FC2,i = λFC2,i
lDP2,i

2DDP2,i
ρv2

FC2,i

ΔPfriction,RC2,i = λRC2,i
lCP2,i

2DCP2,i
ρv2

RC2,i

ΔPfriction,MC2,i = λMC2,i
lMC2,i

2DMC2,i
ρv2

MC2,i

(6)

ΔPlocal,FC2,i =
ξFC2,i

2 ρv2
FC2,i

ΔPlocal,RC2,i =
ξRC2,i

2 ρv2
RC2,i

ΔPlocal,MC2,i =
ξFC→MC2,i

2 ρv2
FC2,i +

ξMC→RC2,i

2 ρv2
RC2,i

(7)

where v represents the equivalent flow velocity of each flow
channel, ρ represents the coolant density, l and D are the length
and the equivalent diameter of each channel. ξ and λ represent
the dimensionless friction constant and local differential pres-
sure coefficient. In addition, according to the mass conversation
law, the following equations can be deduced from the inlet/outlet
node:

Vc = vPP,iAPP,i

vPP,i−1APP1,i−1 = vMC3,iAMC3,i + 2vFC2,iAFC2,i

vPP2,iAPP2,i = vMC3,iAMC3,i + 2vRC2,iARC2,i

(8)

where A represents the cross-sectional area of each channel. The
coolant velocity of each channel can be calculated by solving
the above-mentioned series of equations. Thereby, Rh can be
obtained according to the relationship as follows:

Rh,i = Ymv−y
MC,i (9)

where Ym and y are the corresponding coefficient that derived
from the parameter identification or empirical formula.

By coupling with the three reduced-order submodels, the
temperature distribution of the cell, module, and pack level can
be calculated with less computation burden, which provides
an excellent basement for multilayer temperature uniformity
control. The temperature distribution of the three level can be
calculated within ten milliseconds in the prediction horizon
through the control-oriented model, so the rolling optimization
can be achieved in real time.

C. Battery Heat Generation Prediction

To obtain the temperature trend in the prediction horizon,
the heat generation preview is necessary. The heat production
rate of the battery is mainly determined by the current and
internal resistance, where the resistance is relatively stable in
short time intervals. Consequently, the problem is transformed
to the prediction of the future current. Since the speed prediction
based on NN has been widely applied with insufficient gener-
alization ability, the historical current data is used to predict
the future current analogically [33]. To make up for defects of
the insufficient generalization ability with single NN method, a
dual NN based on the operating mode recognition and current
prediction is proposed to improve the prediction accuracy.

The heat generation prediction framework is displayed in
Fig. 4. Six typical driving cycles are utilized to train the network,

Fig. 4. Framework of heat generation prediction.

including the Urban Dynamometer Driving Schedule (UDDS),
High Way Fuel Economy Test (HWFET), World Light Vehicle
Test Procedure (WLTP), New European Driving Cycle (NEDC),
Federal Test Procedure (FTP), and ArtUrban that containing a
variety of charging/discharging scenarios. Three other driving
cycles are set as test set [ArtRoad, Extra Urban Driving Cycle
(EUDC), and China Light-duty vehicle Test Cycle (CLTC)]
[34]. The back propagation neural network (BPNN) is used to
conduct the operating mode recognition, which has the ability
of arbitrarily complex pattern classification, and widely used
in the field of pattern recognition. The training set is divided
into lots of segments with a data length no more than 100,
and the features of those segments are extracted for network
training.

Twelve features are employed to identify different operating
modes, including the acceleration ratio, the deceleration ratio,
the constant ratio, the idle ratio, the average current, the average
nonzero current, the maximum current, the average acceler-
ation, the maximum acceleration, the minimum acceleration,
the current standard deviation, and the acceleration standard
deviation. The twelve features implying from the historical
current are used as the input of BPNN, and the mode recognition
result is the output. By determining the operating mode, the
pertinent training is adopted for current prediction through the
nonlinear auto-regression neural network (NARNN), which has
feedback and memory functions, with significant advantages in
the applications of modeling and simulating dynamic changes
in time series. We have trained different NARNN models that
responding to different operating conditions. When the operat-
ing mode is determined by the BPNN, the relevant NARNN is
adopted to predict the current of prediction horizon. As a result,
the output is the current in prediction horizon with the input of
historical current in the past 10 s. Combining with the battery
resistance, the responding heat generation can be calculated. The
main settings of the two NNs are displayed in Tables I and II.

D. MPC strategy for liquid-based BTMS

The objective of controller is to maintain the maximum tem-
perature and temperature difference within an optimal range
with less energy consumption with small inconsistency. The
MPC control strategy make efforts to coordinating the four
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TABLE I
MAIN SETTINGS OF BPNN

TABLE II
MAIN SETTINGS OF BPNN

control inputs to achieve a satisfactory control effect. Benefiting
from the multilayer temperature distribution predicted by the
reduced-order model, the fine thermal control can be realized.
According to the state space equations, the temperature states
can be discretized. Therefore, the thermal performance in the
prediction horizon p at time step k can be obtained as displayed
in the following equation:

T (k + i) = f(T (k + i− 1), u(k + i− 1), d(k + i− 1))
(i = 1, 2, . . . , p− 1)

(10)
where T(k) represents the feature temperature of the cells, u(k)
represents the control inputs, and d(k) is the disturbance that
responding to the heat generation, each item is formulated as
follows:

T (k) = [T1,1(k), T1,2(k), . . . , Tn,4(k)]
u(k) = [Vc(k), Tc(k), op(k), dir(k)]
d(k) = [Qm(k)|m = 1, 2, 3]

(11)

where Ti,j(k) represents the temperature of jth characteristic
point in the ith battery, Vc(k) represents the total volume flow
rate, op(k) represents the opening of solenoid valve, and dir(k) is
the flow direction. In addition, the control variables are limited
by some constraints

0L ·min−1 ≤ Vc(k) ≤ 2L ·min−1

15◦C ≤ Tc(k) ≤ 30◦C∣∣∣dTc(k)
dt

∣∣∣ ≤ 0.1◦C,
∣∣∣dVc(k)

dt

∣∣∣ ≤ 0.5L ·min−1

0 ≤ op(k) ≤ 1
dir(k) = ±1

. (12)

The maximum temperature Tmax and maximum temperature
difference of the battery pack �Tpack are the basic objectives.
The error between the predicted value and measured data is used
as the feedback correction. The optimizer is adopted to decide
the control inputs in the prediction horizon by minimizing the
cost function. The definition of the cost function is crucial, which
contains four folds in this work: First, the maximum temperature
is tracking the reference trajectory to approach the target value.
Second, the temperature difference should be controlled as small
as possible. Additionally, the coolant temperature should try to
maintain a steady state to avoid energy consumption through
refrigeration or heating. Moreover, the volume flow rate should
be kept as low as possible to reduce the power loss. The cost
function is written as follows:

J =
4∑

j=1

p∑

i=1

{w1[Tr,j(k + i)− Tj(k + i)]2

+ w2[ΔTpack,j(k + i)]2

+w3[Tc(k + i)− Tc(k + i− 1)]2 + w4[Vc(k + i)]2}
(13)

where w1, w2, w3, and w4 represent the weighting coefficient
of each term, which is allocated by the importance of each
objectives. The DP method is adopted to solve the nonlinear
optimal control problem with constraints. The flowchart of the
optimal solution is displayed in Fig. 5. When employing the DP
to search the optimal control inputs in the prediction horizon,
the iterative solution is conducted from back to front step by
step with the cost function update, and the optimal control
sequence can be obtained. To meet the requirements of online
applications, each control inputs are divided into ten variables
from the minimum to the maximum value according to the
constraints. To improve the control timeliness, the prediction
horizon is set as 10 s, where the control horizon is set as 1 s.

III. EXPERIMENT

Fig. 6 shows the integrated test platform, where the system
schematic diagram is displayed in Fig. 6(a), and the actual
test bench is presented in Fig. 6(b). The platform is mainly
divided into the electrical loop and the liquid-cooling loop. The
host computer transfer the control commands to the controller
according to the strategies, and the controller gives responding
instructions to individual components.

The battery pack is composed of three battery modules with
same structure, and each module contains six cells that con-
nected in series. In the circuit connections, the three modules are
also connected in series. The batteries have been screened before
they are assembled to the pack to ensure the consistency of their
internal resistance and capacity, and the initial SOC and state
of health (SOH) are 100%. Sixteen T-type thermocouples are
mounted on the battery system, where two temperature sensor
are arranged at the inlet and outlet, respectively, to monitor the
temperature changes of the coolant, another fourteen sensors are
located on the cells surface to reflect the temperature nonunifor-
mity of the battery module and pack.
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Fig. 5. Flowchart of the rolling optimization process.

In the cooling circuit, the total flow rate and the flow direction
are actuated by the pump. The opening of the solenoid valve
determines the flow distribution of the two path. The coolant
temperature is determined by the chiller, and the power is
recorded by the electricity meter. The battery pack conducts
the charge/discharge operation through the battery cycler with
constant ambient temperature provided by the thermostat. The
temperature signals of the battery pack are collected by thermos-
detector in real time. The online information of temperature and
power is handled by the computer as the feedback to update the
control variables.

The liquid cooling loop is composed by the battery pack
and heat dissipation components. The coolant temperature is
regulated by the chiller through the embedded compressor and
heater. As the coolant flowing through the loop, it releases or
absorbs the heat in the heat exchanger. The pump maintains the
cycle of the cooling loop, and the flow rate is recorded by the
flowmeter. It is noteworthy that the control system has a certain
hysteresis, and the target control command can not transfer to
the BTMS immediately, especially for the coolant temperature.

Fig. 6. Test loop of the BTMS control. (a) System diagram. (b) Experi-
mental platform.

Therefore, the changing rate of the control inputs should be
considered when formulating the control strategy.

IV. RESULTS AND DISCUSSION

To validate the effects of the proposed control strategy, the
experiment is carried out under a mix driving cycle with dif-
ferent control schemes. The performance is validated in four
aspects: First, the reduced-order multiphysics coupling model
is validated. Besides, the prediction effect is analyzed. Then,
the thermal performance is analyzed, including the maximum
temperature and the temperature uniformity of different layer.
Furthermore, the energy consumption and battery health effec-
tiveness are analyzed and compared with other methods.

A. Validation of the Reduced-Order Model

The effectiveness of the model is a prerequisite for predic-
tive control strategy. Therefore, it is essential the validate the
proposed model. The model validation is reflected in three sub-
models. In the electrical model validation, the constant-current
discharge test is performed, and the simulated and real voltage is
compared as shown in Fig. 7. The results show that the simulated
voltage is in good agreement with the measured data with the
voltage RMSE being less than 10 mV.

To verify the effectiveness of the FRNM, the calculation
results of the flow model are compared with those of the compu-
tational fluid dynamics (CFD) model, as displayed in Fig. 8. It
is noted that the velocity obtained from the FRNM agrees well
with those of the CFD model, with the maximum deviation of
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Fig. 7. Validation of the electrical model.

Fig. 8. Validation of the FRNM.

4.1%. The results proved that the simplified flow model meets
the accuracy requirements.

In terms of the thermal model, the validation is conducted in
three levels, as presented in Fig. 9. In the cell level, the four
feature temperatures in the battery cell are used for comparison.
The temperatures profile between the experiment and simulation
shows a similar tendency, and the maximum error is less than
1.4 °C. In the module level, the temperature performance of
different cells in a module is utilized to compare. It can be
observed that the proposed model can well depicts the temper-
ature profile among the cells, with the largest deviation being
less than 1“°C. In the pack level, the present thermal model
trace the temperature dynamic well in different modules with
the maximum temperature being less than 2.4“°C.

B. Effects of Different Current Prediction Methods

Fig. 10 shows the predicted current and absolute error in
the next 10 s with different forecasting methods, where the
traditional grey predicting method and single NARNN are used
for comparison. The mean absolute error (MAE) and root mean
square error (RMSE) of the three methods are listed in Table III.
As shown, the grey predicting methods have the maximum
value in these two errors, where some notable deviated exists.

Fig. 9. Validation of the thermal model. (a) Cell level. (b) Module level.
(c) Pack level.

Fig. 10. Predicting results of different predictor in mix driving cycle.
(a) Grey prediction. (b) NARNN. (c) BP-NARNN.

TABLE III
PREDICTION ERROR COMPARISON OF THE THREE METHODS
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Fig. 11. Comparison of the maximum temperature performance with
different control strategies.

When the NARNN is adopted, the stability of prediction results
is significantly improved. The forecast accuracy has a further
improvement by introducing the operating mode recognition in
the BP-NARNN method.

C. Effect and Comparison of the Thermal Control
Methods

To evaluate the actual control effectiveness, the thermal per-
formance is analyzed, including the maximum temperature and
temperature uniformity at different levels. By comparison, the
widely used rule-based control strategy is performed under the
same conditions. The rule-based control such as the ON–OFF

control and bang-bang control have been widely applied in
modern BTMS of EVs. In this study, the bang-bang control
principle is adopted as a general rule.

Fig. 11 shows the comparison of the maximum temperature
trend with different control strategies. To reflect the control
effectiveness of the two control strategies more intuitively, the
overshoot and average control error are adopted to indicate the
control effect of maximum temperature during the process. It
can be seen that Tmax is converged to the target temperature
with MPC strategy, whereas oscillating near the target with the
rule-based strategy. The temperature control effect of the two
controllers is acceptable since the optimum battery temperature
is within a certain range. Due to the hysteresis of the coolant
temperature, the overshoot of temperature is inevitable, and
the upper limit of the deviation value is 2“°C, whereas the
minimum value of Tmax is nearly 25“°C. In comparison, the
proposed MPC method has less overshoot with shorter time to
steady state (nearly 500 s). Besides, the maximum deviation
is less than 1.2“°C after the temperature reaches to the target
value. Since the thermal performance can be previewed in the
prediction horizon through the reduced-order model, the control
inputs can be changed in advance to mitigate the impact of
system hysteresis with the MPC method. It can be seen from
the entire test process that the maximum overshoot is 7“°C with
the rule-based strategy, which is reduced to 4“°C through the
MPC strategy. Besides, the average control error of the Tmax is
reduced by 1/3 when adopted the MPC method.

Fig. 12. Temperature uniformity for different control strategies.
(a) �Tcell. (b) �Tpack.

In addition to the maximum temperature, the thermal uni-
formity of multilayer is also compared. Since the temperature
evenness in the module layer is determined by the structure, the
temperature uniformity control effect is mainly manifested in
cell and pack level, and the responding temperature difference
is noted as �Tcell and �Tpack.

Fig. 12(a) presents the trend of�Tcell during the mixed cycle.
The maximum and average temperature difference are used to
reflect the control effect of multilayer temperature distribution.
As can be seen that the rule-based control strategy has higher
�Tcell than the other controllers, which is up to 1.5“°C in the
later stage. The main reason is that the flow distribution is
constant that independent of temperature difference information.
In comparison, �Tcell can be controlled in 0.8“°C with MPC
schemes. Relatively, the MPC controller has better control effect
with a smaller variation range. It can also be evidently observed
that there are three peaks appeared at the time of 1710 s, 2131 s,
and 3043 s, respectively, in the process. It can be concluded that
the temperature inhomogeneity in a single cell can be mainly
attributed to the current collector, and the larger temperature
difference is appeared with higher C-rate. Therefore, the peak
of �Tcell is occurred at the moment of continuous high-rate
charge/discharge during the cycle. It can be seen observed from
the entire test process that both the maximum and average value
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Fig. 13. Multilayer temperature uniformity control effectiveness of dif-
ferent control schemes.

in MPC strategy is half of them in rule-based strategy, which
proves that the proposed method has excellent temperature
uniformity control effect in the cell level.

Fig. 12(b) shows the temperature difference of the battery
pack, which is calculated by the temperature of batteries in the
same position of different module. As can be observed in the
results, the rule-based control method has greater fluctuation
that generally varies from −3“°C to 4“°C, which is attributed
by the synthetic effect of the coolant temperature, flow rate, and
flow direction. In terms of the MPC strategy, �Tpack becomes
more stable that is basically controlled within 2“°C, and final
oscillates around 1.7“°C. In addition, it takes less time to the
stable value, and the average value is smallest during the cycle.
It is noteworthy that �Tpack surges to the maximum value in the
three controllers. The main reason is that the battery pack has
the highest temperature of 40“°C at the beginning, so the coolant
temperature is set at a lower value to fulfill the control target of
Tmax, which aggravates the temperature difference between the
different modules. Since Tmax has the highest priority, �Tpack

cannot satisfied the optimal range in the meantime. When Tmax

reaches the expected target after a period of adjustment, �Tpack

is able to be controlled in an appropriate range. The statistical
results illustrate that stability of temperature difference control
is preferable with the MPC strategy.

To give an intuitive contrast of the temperature uniformity
effect with different controllers, Fig. 13 displays the statistical
chart of the temperature difference that contains the cell, module,
and pack level. It can be found that the temperature difference in
the cell and module level can be controlled well with different
strategies that kept within 1“°C. The MPC method performed
better with highest stability and minimum deviation. In the pack
level, the obvious discrepancy is exhibited in these two control
strategies. On the whole, a relatively ideal fine temperature
uniformity is achieved by MPC controller in different level,
which is of great significance on thermal consistency of the
battery pack.

To further understand the work procedure of the proposed
method, Fig. 14 shows the comparison of the control inputs,
where the flow rate of the upper and lower cooling channels
are noted as Vc1 and Vc2. Tc represents the desired coolant
temperature, and Dc is the coolant flow direction, where the
value of 1 represents the forward direction, and−1 represents the
reverse direction. The comparison of Vc1 and Vc2 are shown in

Fig. 14. Comparison of control inputs. (a) Vc1. (b) Vc2. (c) Tc. (d) Dc.

Fig. 14(a) and (b), where the rule-based method has the constant
flow distribution of 1 L min−1 and 0.8 L min−1, respectively.
In terms of the MPC controller, the flow distribution varying
promptly according to the optimal controller that based on the
real-time feedback temperature, where each targets are coordi-
nated to achieve the minimum cost.

A significantly distinction is appeared in Tc as displayed in
Fig. 14(c). Tc switches between the regular set temperatures of
20“°C and 29“°C in the rule-based controller. The MPC scheme
regulates the coolant temperature according to the Tmax. Tc de-
creases sharply at first and then increases gradually as approach-
ing the target temperature, and it finally stabilized within the
region of 26“°C to 28“°C. Differ from regulating the inputs after
obtaining the feedback temperature, Tc is changed in advance
according to the predict tendency. Since the coolant temperature
response slowly, the MPC controller improves the response rate
and reduce the overshoot of the temperature. The flow direction
is converted to the opposite direction when �Tpack exceeds
2“°C, and returning back to the previous direction when�Tpack

being less than 1“°C. The rule-based controller changes the
flow direction most frequently, whereas the MPC controller
changes the flow direction in least frequent, which is conducive
to decrease the flow loss of the cooling loop.

D. Energy Consumption and Cycle Life Evaluation

As an important indicator of the BTMS evaluation, the energy
consumption comparison is presented in Fig. 15. It can be found
that the rule-based control strategy obviously consumes more
energy than the MPC scheme, where the energy consumption is
up to 60.13 kJ at the end of the operation cycle. In comparison,
the MPC method consumes 26.17 kJ in the process. In the early
stage, the similar energy consumption rate is appeared with the
two strategies. After the time of t1 = 456 s, the value with
MPC controller reduced significantly as Tmax reaches the steady
state. As a result, the MPC strategy saved 56.48% energy cost
compared with the rule-based scheme.

The temperature inconsistency has a great impact on lifes-
pan of the battery pack since it aggravates the inconsistent
degradation among the batteries [35]. To evaluate the battery
health variation caused by the temperature difference, dSOH is
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Fig. 15. Energy consumption comparison of different control strate-
gies.

Fig. 16. dSOH comparison under various control strategies.

adopted, which is defined as the SOH difference. An empirical
formula is used to calculate the SOH of battery under different
temperature according to [36], which is expressed as follows:

Qloss = B · exp [(−31700 + 370.3 · C) /RT ] ·A0.55
h

SOH(T ) = 1 −Qloss/20%
dSOH = SOH(Tmax)− SOH(Tmin)

(14)

where B represents the pre-exponent factor, Ah represents the
throughput capacity of the battery, and C represents the C-rate.
The dSOH comparison with different control schemes is dis-
played in Fig. 16. It can be found that the dSOH shows a general
ascending trend during the mixed-driving cycle, where the value
is 0.026% and 0.012% at the end of cycle that responding
to the rule-based and MPC strategies, respectively. The MPC
controller has the smaller battery health difference due to its
better temperature difference control effectiveness, which shows
a more obvious advantage in the long-periodic charge/discharge
cycles.

To prove the robustness of the proposed control method under
various ambient temperatures, the experiments are conducted
with the Tamb of 10“°C, 20“°C, 40“°C, and 50“°C, respectively.
As can be seen in Fig. 17(a) that the maximum temperature can
be converged within the target temperature that the maximum
fluctuation is less than 1“°C, which proves the effectiveness of
the MPC control scheme. The energy consumption is compared
in Fig. 17(b). It can be observed from the results that the
energy consumption is increased with the temperature difference
between the ambient temperature and the target temperature. The

Fig. 17. Control effectiveness at different ambient temperature. (a)
Maximum temperature. (b) Energy consumption.

Fig. 18. Performance comparison with different MPC control strategy.

cooling process consume more energy than the heating process
under the same temperature difference.

To further evaluate the control effectiveness of the proposed
MPC strategy, a comparison is conducted in different BTMSs
with the MPC method, as shown in Fig. 18. Since various BTMS
has different thermal performance, the comparison is mainly
embodied in the improvements of the temperature control and
reduction of energy consumption compared with their original
control strategy. Most relevant studies are conducted on a battery
module rather than a multilayer BTMS, and the maximum tem-
perature is tightly bound to the set value, so ΔTmodule is utilized
to reflect the temperature control effectiveness. In addition, the
improvement of energy utilization is always a major concern.

It can be observed that the maximum temperature difference
can be controlled within 2“°C, and the MPC-based DCLCS
proposed in this work owns the minimum temperature difference
of 0.6“°C. In terms of energy consumption rate, the MPC control
strategy in [24] has the best effects that approximately 76% of
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the energy can be saved by using the MPC method, followed by
the proposed MPC-based DCLCS, where 56.48% energy can
be reducing in this system. On the whole, good temperature and
energy consumption control can be achieved in the proposed
method. A dominant superiority of the proposed method is that
the fine temperature uniformity can be achieved in different
level, from cell to pack, which is benefited from the optimization
in control system design and improvement of predictive model.

V. CONCLUSION

In this article, a fine thermal control has been proposed based
on multilayer temperature distribution for a DCLCS. A reduced-
order model has been developed for the liquid-based BTMS,
where the online estimation of the multilayer temperature distri-
bution could be obtained with low computation burden. Besides,
to improve the control effectiveness, a heat generation predictor
containing double NN has been integrated in the MPC scheme
for the DCLCS. On this basis, the MPC strategy with four control
inputs has been applied in the DCLCS experimentally in a mixed
driving cycle. As a result, the fine control of the BTMS can be
achieved that the temperature difference can be controlled within
0.8“°C, 1“°C, and 2“°C in the cell, module, and pack level,
respectively. Compared with the rule-based control strategy, the
proposed MPC strategy has faster response with less overshoot
in the thermal control. Besides, the energy consumption is
reduced by up to 56.48%, and the difference in battery life is the
smallest. Additionally, the proposed system owns advantages
over other MPC systems in the comprehensive performance.

REFERENCES

[1] C. Lin, J. Xu, J. Hou, Y. Liang, and X. Mei, “Ensemble method with
heterogeneous models for battery state-of-health estimation,” IEEE Trans.
Ind. Inform., vol. 19, no. 10, pp. 10160–10169, Oct. 2023.

[2] J. Xu, X. Mei, H. Wang, and J. Wang, “A hybrid self-heating method for
batteries used at low temperature,” IEEE Trans. Ind. Inform., vol. 17, no. 7,
pp. 4714–4723, Jul. 2021, doi: 10.1109/TII.2020.3020302.

[3] L. Ianniciello, P. H. Biwolé, and P. Achard, “Electric vehicles batteries ther-
mal management systems employing phase change materials,” J. Power
Sources, vol. 378, pp. 383–403, 2018.

[4] Z. Guo, J. Xu, Z. Xu, M. Mubashir, H. Wang, and X. Mei, “A three-
heat-source electro-thermal coupled model for fast estimation of the
temperature distribution of a lithium-ion battery cell,” IEEE Trans. Transp.
Electrific., vol. 8, no. 1, pp. 288–297, Mar. 2022.

[5] Z. Song, N. Yang, X. Lin, F. Pinto Delgado, H. Hofmann, and J. Sun,
“Progression of cell-to-cell variation within battery modules under differ-
ent cooling structures,” Appl. Energy, vol. 312, 2022, Art. no. 118836.

[6] J. Xu, X. Mei, X. Wang, Y. Fu, Y. Zhao, and J. Wang, “A relative state
of health estimation method based on wavelet analysis for lithium-ion
battery cells,” IEEE Trans. Ind. Electron., vol. 68, no. 8, pp. 6973–6981,
Aug. 2021.

[7] J. Xu, Z. Guo, Z. Xu, X. Zhou, and X. Mei, “A systematic review and
comparison of liquid-based cooling system for lithium-ion batteries,”
eTransportation, vol. 17, 2023, Art. no. 100242.

[8] C. Zhu, F. Lu, H. Zhang, J. Sun, and C. C. Mi, “A real-time battery thermal
management strategy for connected and automated hybrid electric vehicles
(CAHEVs) based on iterative dynamic programming,” IEEE Trans. Veh.
Technol., vol. 67, no. 9, pp. 8077–8084, Sep. 2018.

[9] M. R. Amini, H. Wang, X. Gong, D. Liao-McPherson, I. Kolmanovsky,
and J. Sun, “Cabin and battery thermal management of connected and
automated HEVs for improved energy efficiency using hierarchical model
predictive control,” IEEE Trans. Control Syst. Technol., vol. 28, no. 5,
pp. 1711–1726, Sep. 2020.

[10] Z. Guo, J. Xu, Z. Xu, M. Mubashir, H. Wang, and X. Mei, “A lightweight
multichannel direct contact liquid-cooling system and its optimization
for lithium-ion batteries,” IEEE Trans. Transp. Electrific., vol. 8, no. 2,
pp. 2334–2345, Jun. 2022.

[11] M. A. Jeffers, L. Chaney, and J. P. Rugh, “Climate control load reduction
strategies for electric drive vehicles in warm weather,” in Proc. SAE World
Congr. Exhib., 2015, pp. 1–11.

[12] Y. Zeng, D. Chalise, S. D. Lubner, S. Kaur, and R. S. Prasher, “A
review of thermal physics and management inside lithium-ion batteries
for high energy density and fast charging,” Energy Storage Mater., vol. 41,
pp. 264–288, 2021.

[13] Y. Fu, J. Xu, M. Shi, and X. Mei, “A fast impedance calculation based
battery state-of-health estimation method,” IEEE Trans. Ind. Electron.,
vol. 69, no. 7, pp. 7019–7028, Jul. 2022.

[14] C. Wu, J. Zhao, C. Liu, and Z. Rao, “Performance and prediction of baffled
cold plate based battery thermal management system,” Appl. Thermal Eng.,
vol. 219, 2023, Art. no. 119466.

[15] K. Li, H. Chen, J. Zhao, L. Eriksson, and J. Gao, “An advanced control
strategy for engine thermal management systems with large pure time
delay,” Appl. Thermal Eng., vol. 224, 2023, Art. no. 120084.

[16] T. H. Pham, J. T. Kessels, P. Bosch, R. Huisman, and R. Nevels, “On-line
energy and battery thermal management for hybrid electric heavy-duty
truck,” in Proc. Amer. Control Conf., 2013, pp. 710–715.

[17] J. Cen and F. Jiang, “Li-ion power battery temperature control by a
battery thermal management and vehicle cabin air conditioning integrated
system,” Energy Sustain. Develop., vol. 57, pp. 141–148, 2020.

[18] F. Nur, M. Hawlader, R. Afroz, and A. Rahman, “Fuzzy controlled evap-
orative battery thermal management system for EV/HEV,” Int. J. Electric
Hybrid Veh., vol. 7, pp. 22–39, 2015.

[19] H. Wang and L. Ma, “Thermal management of a large prismatic battery
pack based on reciprocating flow and active control,” Int. J. Heat Mass
Transfer, vol. 115, pp. 296–303, 2017.

[20] W. Lee, H. Jeoung, D. Park, and N. Kim, “An adaptive concept of
PMP-based control for saving operating costs of extended-range electric
vehicles,” IEEE Trans. Veh. Technol., vol. 68, no. 12, pp. 11505–11512,
Dec. 2019.

[21] Y. Masoudi, A. Mozaffari, and N. L. Azad, “Battery thermal management
of electric vehicles: An optimal control approach,” in Proc. ASME Dyn.
Syst. Control Conf., 2015.

[22] Y. Xie, C. Wang, X. Hu, X. Lin, Y. Zhang, and W. Li, “An MPC-based
control strategy for electric vehicle battery cooling considering energy
saving and battery lifespan,” IEEE Trans. Veh. Technol., vol. 69, no. 12,
pp. 14657–14673, Dec. 2020.

[23] W. Zhuang, Z. Liu, H. Su, and G. Chen, “An intelligent thermal manage-
ment system for optimized lithium-ion battery pack,” Appl. Thermal Eng.,
vol. 189, 2021, Art. no. 116767.

[24] S. Park and C. Ahn, “Computationally efficient stochastic model predictive
controller for battery thermal management of electric vehicle,” IEEE
Trans. Veh. Technol., vol. 69, no. 8, pp. 8407–8419, Aug. 2020.

[25] Z. Shuofeng, M. R. Amini, J. Sun, and C. Mi, “A two-layer real-time
optimization control strategy for integrated battery thermal management
and HVAC system in connected and automated HEVs,” IEEE Trans. Veh.
Technol., vol. 70, no. 7, pp. 6567–6576, Jul. 2021.

[26] S. Zhao and C. C. Mi, “A two-stage real-time optimized EV battery cooling
control based on hierarchical and iterative dynamic programming and
MPC,” IEEE Trans. Intell. Transp. Syst., vol. 23, no. 8, pp. 11677–11687,
Aug. 2021.

[27] M. R. Amini, I. Kolmanovsky, and J. Sun, “Hierarchical MPC for robust
eco-cooling of connected and automated vehicles and its application to
electric vehicle battery thermal management,” IEEE Trans. Control Syst.
Technol., vol. 29, no. 1, pp. 316–328, Jan. 2021.

[28] Y. Liu and J. Zhang, “Design a J-type air-based battery thermal man-
agement system through surrogate-based optimization,” Appl. Energy,
vol. 252, 2019, Art. no. 113426.

[29] Y. Liu and J. Zhang, “Self-adapting J-type air-based battery thermal
management system via model predictive control,” Appl. Energy, vol. 263,
2020, Art. no. 114640.

[30] K. Murashko, J. Pyrhonen, and L. Laurila, “Three-dimensional thermal
model of a lithium ion battery for hybrid mobile working machines:
Determination of the model parameters in a pouch cell,” IEEE Trans.
Energy Convers., vol. 28, no. 2, pp. 335–343, Jun. 2013.

[31] M. Chen et al., “A multilayer electro-thermal model of pouch battery
during normal discharge and internal short circuit process,” Appl. Thermal
Eng., vol. 120, pp. 506–516, 2017.

Authorized licensed use limited to: Xian Jiaotong University. Downloaded on March 07,2024 at 03:15:10 UTC from IEEE Xplore.  Restrictions apply. 

https://dx.doi.org/10.1109/TII.2020.3020302


4114 IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, VOL. 20, NO. 3, MARCH 2024

[32] J. Zhang, X. Wu, K. Chen, D. Zhou, and M. Song, “Experimental and
numerical studies on an efficient transient heat transfer model for air-
cooled battery thermal management systems,” J. Power Sources, vol. 490,
2021, Art. no. 229539.

[33] Y. Li, J. Zhang, C. Ren, and X. Lu, “Prediction of vehicle energy consump-
tion on a planned route based on speed feature parameters forecasting,”
IET Intell. Transport Syst., vol. 14, no. 3, pp. 511–522, 2020.

[34] C. Lin, J. Xu, and X. Mei, “Improving state-of-health estimation for
lithium-ion batteries via unlabeled charging data,” Energy Storage Mater.,
vol. 54, pp. 85–97, 2023.

[35] Q. Xia et al., “Multiphysical modeling for life analysis of lithium-ion bat-
tery pack in electric vehicles,” Renewable Sustain. Energy Rev., vol. 131,
2020, Art. no. 109993.

[36] J. Wang et al., “Cycle-life model for graphite-LiFePO4 cells,” J. Power
Sources, vol. 196, no. 8, pp. 3942–3948, 2011.

Zhechen Guo received the B.S. degree in en-
ergy and power engineering from Chang’an Uni-
versity, Xi’an, China, in 2016, and the M.S. de-
gree in energy and power engineering in 2019
from Xi’an Jiaotong University, Xi’an, China,
where he is currently working toward the Ph.D.
degree in mechanical engineering with the
School of Mechanical Engineering.

His research interests include energy man-
agement for lithium-ion battery, especially the
research of battery thermal management.

Jun Xu (Senior Member, IEEE) received the
B.S. and Ph.D. degrees in mechanical engineer-
ing from Xi’an Jiaotong University, Xi’an, China,
in 2009 and 2013, respectively.

From 2011 to 2013, he was a Joint Ph.D. Stu-
dent with the U.S. Department of Energy GATE
Center for Electric Drive Transportation, College
of Electrical and Computer Science, University
of Michigan, Dearborn, MI, USA. He is currently
a Professor with the School of Mechanical Engi-
neering, Xi’an Jiaotong University. He has con-

ducted extensive research and authored more than 90 peer-reviewed
papers. He holds more than 20 patents. His research interests include
design, modeling, control of battery systems, electric vehicles, renew-
able energy systems, and robots.

Dr. Xu was the recipient of the Innovation Award of the China
Industry-University-Research Cooperation Innovation Award, the First
Prize of the Shaanxi Province University Science and Technology
Award, the Second Prize of the Shaanxi Province Teaching Achievement
Award, and the Special Award of the Xi’an Jiaotong University Teaching
Achievement Award. He was the Conference Chair, the Organizing
Committee Co-Chair, and the Conference Academic Committee Mem-
ber for several international conferences.

Xingzao Wang received the B.S. degree in ve-
hicle engineering major from Harbin Institute
of Technology, Weihai, China, in 2021. He is
currently working toward the Ph.D. degree in
mechanical engineering with the School of Me-
chanical Engineering, Xi’an Jiaotong University,
Xi’an, China.

His research focuses on the area of battery
thermal management systems.

Jinwen Shi received the B.S. and Ph.D. de-
grees in power engineering and engineering
thermophysics from Xi’an Jiaotong University,
Xi’an, China, in 2005 and 2012, respectively.

He is currently a Professor with the State
Key Laboratory of Multiphase Flow in Power
Engineering, School of Energy and Power Engi-
neering, Xi’an Jiaotong University. His research
interests include solar-to-hydrogen, carbon cap-
ture and utilization, and atmospheric water gath-
ering.

Enhu Li received the B.S. degree in automatic
control major from Xi’an Technological Univer-
sity, Xi’an, China, in 2003.

He is currently the Executive Vice President of
Gresgying Digital Energy Technology Company,
Ltd., Xianyang, China. His research interests in-
clude charging of electrical vehicle, energy stor-
age, and microgrids system.

Xuesong Mei received the Ph.D. degree in me-
chanical engineering from Xi’an Jiaotong Uni-
versity, Xi’an, China, in 1991.

He is currently a Full Professor with the
School of Mechanical Engineering, and the Di-
rector of the Shaanxi Key Laboratory of Intelli-
gent Robots, Xi’an Jiaotong University. His re-
search interests include intelligent manufactur-
ing, robotics, and precision laser processing.

Authorized licensed use limited to: Xian Jiaotong University. Downloaded on March 07,2024 at 03:15:10 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


