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Abstract

The energy consumption value of HVAC system is of great significance to alleviate the “range an-
xiety” of new energy vehicles and to observe their performance. The ambient temperature, air
humidity, wind speed and speed are taken as input parameters, and the power consumption is
taken as output parameters, RBF (Radial Basis Function), GRNN (General Regression Neural Net-
work,) and GA-BP (Genetic Algorithm-Back propagation) neural network models. Amesim is used
to build an electric vehicle air conditioning system to simulate the energy consumption data under
different working conditions, and the three models are trained and predicted, and the predicted
value is compared with the actual value to verify the predicted performance. The results show that
the three models can well predict air conditioning energy consumption under different working
conditions. RBF, GRNN and GA-BP neural network training data are used, and the linear regression
coefficients R of the test data are 0.93641, 0.95521 and 0.99517, respectively. The relative errors
of the predicted results were 5%, 3% and 2% respectively. The mean square errors were 98.29
W/h, 90.42 W/h and 27.24 W/h, respectively. In contrast, GA-BP neural network model can pre-
dict the energy consumption of air conditioning more accurately, which can be used to alleviate
the “range anxiety” caused by air conditioning and observe the performance of air conditioning in
real time.
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Figure 1. Basic structure of BP neural network
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Figure 2. Algorithm flowchart of GA-BP neural network
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Figure 3. Comparison of modeled and ANL test air conditioner energy
consumption graphs
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Figure 4. Comparison of prediction results of RBF neural network models
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Figure 5. Comparison of prediction results of GRNN neural network models

2200

2000

1800

1600

1400

1200

1000

800

600

400

WA BEFE R Tt &5 SR Xt Le

i R? =0.95521
*o FSE
— —o— Hi
| © o
® ®
L ‘ o ¢
O
) )
Q S e D
O Gp
® D ()]
P & 4
0 10 20 30 40 50 60 70 80
T AR A

[ 5. GRNN £ 48 2 B 7N 5 R 3 e &

LEE GA-BP 128 2% Bt N IR S0/ N0 11, 242158 0.01, HiE 6 X4 R nr %1, GA-BP f#

22 W 2 B R TAE 5 S I B W S AR B B i FLrp i KR 28 MR 28 10 /MREAS 55, R ZE(E N 195.57 Wih;
B/MRZEAE Y 00 TRIME 5 SCIAE i 26 M 5] 19 23 R2. SEI AR ZE N J7 IR iR 22, 45 543 %4 0.99517,

2%F1 27.25 Wih.
2 R £ S TR TN 45 R AR R ZE AN I 5%, BT TN A I AeRE, Hh GA-BP MK

CRRANAER I By, AESEVERRI U S R RERE, SEIE S T SRR S PR RE,  ZRAR B O S AR RE

DOI: 10.12677/mo0s.2024.134399

4422

RS


https://doi.org/10.12677/mos.2024.134399

R “HEAREE” .

TS REAR YR T 45 o0 L

R% =0.99517
2200

® * :j:gﬁ ,fE
2000( —o— mi

1800 T

DD

1600

14001

HEFEWhH

12001 ¢ ¥

1000

800

600 ® O¥ ® o ® #R B % R &

400 I I ‘ 1 1 1 1 ]
Bl

Figure 6. Comparison of prediction results of GA-BP neural network models
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