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Abstract:To fill the gap in integrated testing equipment for the thetsetric

and thermal management systems and meet the requirements of conducting
"whole vehicle class" tests at the system level, tlaauscript details a
technical study focused on the integrated testing platform for the-three
electric and thermal management systems. First, a configuration scheme for
the testing platform was proposed, and the construction of the physical
platform was comleted. Second, an optimized method for precise control of
engine compartmerdirflow was selected and experimentally validated. The
results indicated thatfter adopting the model predictive contr(MPC)
method, the roemeansquare error of the transiénair supply control
decreased from 28% to 14%. The temperature deviation of the core
components under thermal equilibrium conditions between the system
platform and the actual vehicle environment chamber is ar?y@, and the

total mileage deviation undehigh-temperature China Light Vehicle Test
Cycle conditions is only 4.28%
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1. Introduction

To address the significant mileage degradation in new energy vehicles i amdhlow
temperatire environments, the industry commonly adopts highly integrated system design solutions
for three electric (motor, electronic control, and power battery systems) and thermal management
systemfli 14]. Integrated systems flexibly utilize the energy betwddferent systems based on
vehicle operating scenarios, such as motor heat recovery, regenerative braking energy recovery, and
heat pump systems to recover excess heat from motors and batteries. The deep coupling between the
three electric systems and ttheermal management system necessitates that these systems should not
be separated during testing, and there is a general expectation of conducting integrated testing of the
three electric and thermal management systems early in the development phasereT lieeee is an
urgent need to develop a set of integrated testing platforms for the three electric and thermal
management systems (hereinafter referred to as the testing platform) to meet the industry demand for
system integration testinglThe testing [atform must ensure that the airflow, temperature, and
humidity passing throughhe various components are consistent with real conditima#iding
airflow control, temperature control, and humidity control. However, considering that temperature and
humidity control technologies are relatively mature, this study does not delve into them and will
instead conduct wdepth research on airflow simulatgnin the airflow simulationthe airflow
entering the engine compartment was the most complexairflowentering theengine compartment



varies constantly while the user drives the vehi@lee testing platform must suppthe targeted
airflow entering theengine compartmerih real time to achieve precise air control. Owing to the
nonlinear characteristiasf the system and the inertia of the airflow field, achieving precise airflow
control is challengingaddressing the current situation where transient air supply control methods only
achieve turbulence control and the complexity of control models ma&esdiificult to apply to real

test platformpl5~18], this study establishes a model predictive control (MPC) method for transient air
supply control. Experimental verification was conducted on a test platform, successfully addressing
the difficulty of accuately controlling the transient air supply.

2. Researchon Test Platform Configuration

The goal of the integrated test platform is to provide consistent environmental conditions and
simulate road resistance equivalent to vehicle operation for the compohémstested system, thus
treating system components as "miniature real vehicles" for conducting whole \tgpeleondition
tests. From the perspective of the environment in which the system components are located, there are
significant differences inhie surrounding environments of the system components in different areas
during vehicle operationThe test platform must provide a simulateshgine compartment
environment, simulate the environment around the core of thepaditioning box, and separagel
simulate the environment around the rear electric drive. In terms of simulating road resistance, the test
platform must provide accurate road resistance consistent with the actual vehicle operation to ensure
that each system component is under a realiséid and can reproduce the actual operating state of the
vehicle.Based on the above comprehensive analysis, this study describes a test platform design. As
presentedn Fig. 1, the test platform included three areas that include insulated sim@aggoe
compartmentenvironment ducts; simulated Heating Ventilation and Air Conditioning (HVAC)
environment ducts; simulated battery temperature control boxes; and two sets of dynamometers. The
layout considers the actual positions of electric vehicle components, pipasleagt the compact
structure.

Simulated HVAC Environment Duct

Simulated battery and rear electric driy
environment temperatureontrol chamber

Simulatedengine compartment
Environment Duct

Temperature and humidity control syster

Temperaturend Humidity Control System =] | Dynamometer

Fig. 1. Schematic Diagram of Overall Layout of Test Platform

The above system structure was designed based on the layout of an actual vehicle, allowing the
installation of real components and maintaining their relative positions, thus providing a prerequisite
for precise testing. Following the design schetescribed above, a physical testing platfosmas
constructed, as representedig. 2.



(a)Front view (b)Rear view
Fig. 2. Actual Photograph of the Testing Platform

3. Study on Precise Control of Transient Air Supply in Simulatedengine compartment
Environment

According to the previous analysis, to ensure precise testing results unddriveseiconditions,
the testing platform needs to achieve precise controlthef Simulated engine compartment
Environment Ductransientair supply.To describe the characteristics of the system more accurately, a
BPNN (Backpropagation Neural Network) modehs constructed and used as a control system to
compare the effects of differesbntrol methods. The method for establishing the neural network
model is as follows:

First, we identifed the preceding flow fielgolumetric flow rateandvolumetric flow ratechange
rate as variable elements and desiym sample Spl” plan. Secondactal measurements dhe
airflow on the platform were conducted according to the sample plan. Fimabyral network model
was constructed to predict tkebsequentolumetric flow ratebased on different baseline flefield
states.
3.1System modelanstruction study

3.1.1Sample scheme construction and platform measurement

The target flow curve can be viewed as a functiorvaltimetric flow rateover time and is
represented a@=f(t). Through the analysis in the preceding text, it is identified that the preceding
flow field volumetric flow rate(Q _0) in the time domain and the rate of change of the target curve
volumetric flow rate(a®) are crucial factors affecting the curremdlumdric flow rate The sine
signal, as a fundamental signal tbe Fourier transformation, has a single frequency and can be easily
constructed based on the frequency and amplitude characteristics. The variation of the preceding flow
field volumetric flow rde (Q_0) over time can be achieved through changes in the amplitude of the
sine curve, while the variation of tiwelumetric flow ratechange rateafQ) can be achieved through
changes in the frequency of the sine curiieerefore, we constructed 32 sinangde curves with
different frequencies and amplitudes as target curvethéoplatform measurements, as regreged in
Fig. 3.
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Fig. 3. Sample Scheme Diagram

As represented ifrig. 4, it can be observed from the distribution of the target curve, the sample
schemevolumetric flow rate(Q_0), and thevolumetric flow ratecharge rate &Q) that the sample

scheme covers the characteristics of the target curvefollbeing sample scheme is a representative
example.
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Fig. 4. Target and sample curve distribution graph

The sample schemeas placed as the target input on the mgsplatform Actual measurements
were conducted, and the sample scheme air volume test mestatebtained, agpresented ifig. 5.
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Fig. 5. The measured air volume results of the sample scheme



3.1.2Configuration study based on BPNN neural network model

This study adopta BPNN, which is a neural network model cotisgs of an input layer that is a
hidden layer and an output layer, with each layer containing several nedroasforward
transmission of information and the backward feedback of errors are the main charactdrigtics
BPNN. During the forward propagatioof the signals, the input signals introduced from the input
layer are transmitted through the hidden layer and then output from the output layer. When the output
signal is not the expected value, the transmission direti@rss, and prediction erroare obtained.

The network weights and thresholds were adjusted basdteoprediction errors to continuously
approach the expected output of the BPNN. Inghisly, the model was configured as-kayer neural
network (including one input layer, two laien layers, and one output layer) with ten neurons in the
input and hidden laysr as epresented ifig. 6.
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Fig. 6. Neural network model structure diagram

The baselinerolumetric flow rate the volumetric flow ratechange, and the curremblumetric
flow rate were extracted from the measured results of 32 sample curves at the previous moment.
Samples corresponding to different preceding baselolemetric fow rates, volumetric flow rate
changs, and currentolumetric flow rate were formed for ease of data processing and to accelerate
model convergenceThe measured sample dat@re normalized and usebs input for the neural
network model.After multiple training sessions, the tirgmain corrected neural network model
prediced an MSE of 2.9253 x ¥0Qwith all regression analyses above 0.996. To verify the accuracy of
this model, a transient airflow curve is selected for validation, comparing the nm@elistions with
the measured results from the test bench. As regezsen Fig. 7, the neural network model
demonstrates accurate predictive capabilityhwitras mostly concentrated within £5%. Only a few
points atthe lowairflow positions exhibid slightly larger relative errors. This modsrves as a
system model for comparative research on control methods.
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Fig. 7. Comparison between neural network prediton results and measured results

3.2Research on Transient Air Supply Precision Control Technology
3.2.1Simulation Study Based d?roportional Integral DerivativéP 1D, Control Method

The PID controller is a classic feedback controller whose mapresents its three main control
components: Proportional, Integral, and Derivative. The basic principle of a PID controller is to adjust
the control output by performing proportional, integral, and derivative operations on the error between
the system fedback signal and the setpoint to minimize the error and achieve system stability, fast
response, and robustness. The controller can be represertigqddionl:

) =K, 60+ * 0+l
D

Whereu(t) is the output control signal at timekg,is the proprtional coefficientk; is the integral
coefficient,kq is the derivative coefficieng(t) is the error between the controller's input signal and the
setpoint, andk is the rate of change of the error. This method is applied to establish a control model
and optimize the coefficients, ki, andks. Considering botlthe control accuracy arstability of the
control output, the optimal PID control simulation resutre obtained, as represeth inFig. 8. The
RMSE of the PID control was 28 and the MSE is 2913#n°/h)2.
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Fig. 8. Comparison between PID Control Simulation Results and Target Curve



The PID control method regulates the systartput airflow to follow the target airflow, but it is
evident from the tracking performance that a "delay" phenomenon is apparent. As analyzed earlier, the
flow field exhibits significant "inertia," and adjusting the control input signal for the nextdtepe
based on the current control error during the control process introduces "lag.” The model predictive
control method can effectively solve this problgtfii 23] Therefore, in the following sections, the
MPC method will be selected for further systemtcol research.
3.2.2Simulation Study Based on MPC Method

The MPC method optimizes control by predicting the performance of a system over a future time
horizon. The modeling process used in this study was as follows: First, thespstage discrete
expresions of the system were established based on its characteristics, as presented in Equrations
3.

X(k+1) = Ax(k) + Bu(k) @)

©)

Wherex(K) is the state vector of the system at tiknei(k) is the input vector of the system at
time k , Ais the system state matri,is the system input matrix(k+1) is the state of the system at
timek+1, Y(k)is the output of the system at titkkeandC is the observation matrix.

Given that the output of the air supply system is the statkeosystem, that is, the airflowg
equals 1, as presentedBqguationd.

Y (K) = Cx(k)

Y (k) = Cx(k) 4
Next, the cost function is established presented in Equatiobs
N-1
J=3 [(x(k +ilk) - r(k+)) Qx(k + i)k - r(k+i))+u(k+i[k)" Ru(k +i|k)]
(5)

where r(k+i) represents the reference value of the moméntegpresents the system error
adjustment parameter, aRtepresents the system input action adjustment parameter.

Once again, the expression transformation of the cost function is:
Define the predicted statector at time t aEquation6:
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X(K) is the predicted state vector of the system at kine@hereN is the prediction region.
Define the predicted input vector at tikasEquation?:
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Where U(K) represents the predicted input vector of the system at Kinas presented in
Equations8.
3= XK' QXk+UK" RUK €S)

Whereq is the system error adjustment matrix, agi$ the system input action adjustment
matrix, as presented in Equatiofis

X (k) = Mx(k) +Cu(k) 9

The sentence translates to English as: "Wiére a vector concerning , andC is a vector
concerningA andB, as presented in Equatioh.

J=x(K)MT QMx(k) +2x(k)'CT QMU (k) +U (k)" CT ch (k) +U (k)T RU(K)

(10)
Definition, as presented in Equatioh$ toEquationsl3:
— T -
G=M"TQM (11)
— T -
E=CTQM (12)
— T -
H=C'QC+R 13
Therefore, the cost function transformsde presented in Equatioh4:
J = x(k)"Gx(K) + 2x(k)" EU (k) +U (k)" HU (k) (14)

The optimization objective was to minimiZe, and we applied the leastjuares method to
computeU(k) whenJ was minimized.
The above model was placed under the control of a controller to control the system and perform a
simulation analysis, the results of which are represeantEdyure9.
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Fig. 9. Simulation volumetric flow rate results comparison between MPC and PID control

MPC effectively resolves the issue of "delay" in air volume tracking encountered in PID
controlFrom Figure 10, it can be observed that, compared to the PID control, th€ Ebkhibits a

significant improvement in accuracy. The RMSE of MPC is only 14%, with an MSE of only 11429
(m3/h)>.
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Fig. 10. Simulation error comparison between MPC and PID control

Based on the above analysis, the MPC was selected as the transappbircontrol method for
the system, and it was placed on the platform for experimental testing. As represé&idedaihl.
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Fig. 11 Comparison volumetric flow rate of experimental results for MPC



After applying the MPC method, the output air volurtigreed more closely with the target air
volumeFigure 12 represents a comparison of the air volume error rates before and after adopting the
MPC method. After adopting the MPC method, the RMSE decreased from 28% to 14%, and the MSE

decreased from 58661 (M3 to 9645 (m3/M. Applying this control method can achieve better
transient air volume control effects, with the error within £15% for 81% of the time.
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Fig. 12. Comparisonerror of experimental results for MPC

4. Analysis and Discussion of PlatformMeasured Results

Based on the comprehensive analysis above, the structural design of the platform fully considers
the differences in the environments encountered by various systems during vehicle operation. This
separates the corresponding working envirents for each system. To validate the accuracy of the
testing platform, a model available on the market was selected, and its electric drive system, battery
system, thermal management system, and relevant control systems were installed on the testing
platform. The actual vehicle was placed in an environmental chamber, and -st@dyhigh
temperature thermal equilibrium conditions and transient-tagiperatureChina light vehicle test

cycle (CLTC) conditions were tested sepgely, as represented kigure 13 Figure14.

-

Fig. 14. Reatshot images of the system platform testing
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A detailed comparative analysis was conducted on parameters stieh faent and rear motor
temperatures,rént and rear motor inverter temperatures, highest battery temperature, and lowest
battery temperaturen thermal equilibrium conditions before and after testing on the platform and
actual vehicle. This analysis covered the cumulative energy consuniptidour cycles of high
temperature CLTC conditions, four cycle distances, and total distance parameters to validate the
precision of the platform testing.

4.1 Steadystate hightemperature thermal equilibrium condition comparative analysis

Table 1 Steady-state hightemperature thermal equilibrium condition table

Sample Operating condition name Air temperature  Air humidity  Speed Grade Driving distance

) (%RH) (kmih) (%) (km)
- Preprocessing 42 - 100 0 16.7
1 High-speed driving 42 40 140 0 70
2 High-speed climbing 42 40 130 2 18
3 Low-speed climbing 42 40 42 8.1 8.2

As represented ifable 1, to conduct a comprehensive comparison of the temperatures at the
equilibrium points of the core components of the system under sséaedythermal equilibrium
conditions, tests were condad under higkspeed driving, higispeed climbing, and lowpeed
climbing conditions, as presedtdrom Fig. 15 to Figure 20. From the figures, the temperature
increase trends of the front and rear drive inverters, front and rear motors, and batteries are consistent
between the platform and @pnad test results, with relatively small deviations.
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Fig. 20. temperaturesof battery under low-speed climbing

Table 2 Equilibrium Points of Various Components under Thermal Equilibrium Conditions

Measurement point Error
High-speed driving High-speed climbing Low-speedtlimbing

Maximum battery temperatire ~ -1 1 -1
Minimum battery temperattre 0 2 0
Front motor inverter temperattre ~ 1 0 -1
Front motor temperature ~ 0 1 -1

Rear motor inverter temperature ~ 1 1 0
Rear motor temperatire ~ 4 3 1
Steadystateacceleration pedal average valu®&™ 2.4 0.4 -0.4
Steadystate frontwheel drive torqie Nm™ 2.9 0.7 0.4
Steadystate reamwheel drive torqgue Nm™ 3.2 0.8 0.8

FromTable , it can be observed that, apart from the rear motor temperature, the temperatures of
other key components in both the platform and
in the accelerator pedal and fremtar drive torqueswere relatively small. Under higspeed
conditions, the rear motor temperature in the platform test was significantly higher than that in the
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vehicle test. This is because the simulated battery envirorongntonsiders temperature control and
does not consider the variation in airflow around the rear motor at different vehicle speeds. Under
high-temperature and higépeed thermal equilibrium conditions, the airflow around the rear motor
has a significant feect on its heat dissipation. Therefore, in subsequent platform tests, the airflow
around the rear motor was adjusted basethervehicle speed to make the test results more accurate.
In summary, the consistency between the platfamd vehicle test reks under hightemperature
thermal equilibrium conditions was good with small deviationss€hest results can ised to guide
vehicle development.

4.2 Transient HighTemperature CLTC Energy Consumption Conditions Comparative Analysis

The CLTC is a trasient conditionin which the vehicle speed varies with time. To provide a
detailed comparison of the platform and actual vehicle test results undetefhigarature CLTC
energy consumption conditions, the cumulative energy consumption of the system vpasecbfar
four operating cycles in bothe platform and veble tests. Fronfrig. 21 toFigure24, the cumulative
energy consumption results frahre platform andehicle testexhibit good consistency.
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Fig. 21. Cumulative Energy Consumption of HighTemperature CLTC Energy Consumption
Scenario Loop tLoop 1

Fig. 22. Cumulative Energy Consumption of High Temperature CLTC Energy Consumption
Scenario Loop tLoop 2
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