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Vehicle Fuel Consumption Prediction Method Based on
Hyperband-CNN-BiLSTM Model
TURSON Mamaiti, SUN Hui, LIU Ya-lou

(College of Transportation and Logistics Engineering, Xinjiang Agricultural University, Urumqi 830052, China)

[ Abstract] In order to effectively predict the fuel consumption of vehicles, improve fuel economy and promote energy saving and
emission reduction, a Hyperband-CNN-BiLSTM-based motor vehicle fuel consumption prediction method was proposed. Firstly, based
on the vehicle operating status data and fuel consumption data collected from the actual road test, the salient factors affecting the fuel
consumption of vehicles were analyzed. Secondly, combining the powerful feature extraction capability of convolutional neural network
(CNN) and the advantages of bidirectional long and short-term memory network ( BiLSTM) in dealing with the time-series data, a
combined model of vehicle fuel consumption prediction based on CNN-BiLSTM was constructed. Then, in order to improve the model
prediction accuracy, the combined model was optimized by Hyperband optimization algorithm, and the vehicle fuel consumption influ-
encing factors were taken as the model input features to train the model to realize the modeling and prediction of vehicle fuel consump-
tion. Finally, CNN, LSTM, BiLSTM, CNN-LSTM and CNN-BILSTM were selected as comparison models to evaluate the effect of Hy-
perband-CNN-BiLSTM prediction model. The results show that compared with other models, the Hyperband-CNN-BiLSTM model has
the smallest mean absolute error (MAE) and root mean squared error (RMSE). They are 0. 057 69 and 0. 119 25, respectively. R’ is
the largest (0.991 76) , and the model has the best prediction effect.

[ Keywords] Hyperband; fuel rate prediction; convolutional neural networks (CNN) ; bidirectional long short-term memory network
(BIiLSTM) ; combination model
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T2 BRI B Sy b FE AR HC v A G ik RE AR R LA o
W I T R2ELE A 3 F RBHE FEARE A (virginia
tech comprehensive power-based fuel consumption
model, VT-CPFM) . %4 %% 3 TR HE A #1) ( motor
vehicle emission simulator, MOVES) {3 W & < HE it
ﬁ%i*ﬁzﬂ[‘“ ( comprehensive modal emission model,
CMEM ) FIAOULHE A% 51 (virginia tech microscop-
ic, VT-Micro) 55 AR, 33k LA Y A WL | ol 1%
W 3 AR 2 O S8 AR HE ik S v AR e A A 7
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JE AR & TR SEE H T h AR U A 3
TRBEA I A5 SR 1) 2 (1109 (support vector re-
gression, SVR) . ERHE " (least absolute shrink-
age and selection operator, LASSO) SEHL #7272 AR AY |
T HR 2 W 2612 (artificial neural networks,
ANN) . £ J2 A #HL'°" ( multilayer perceptron,
MLP) K2 M4 (long short-term memory
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25 0 IR JRE T 2 TRV ASRs 2 0 U 25 ) J , 55 i A1 )
SR, Wang 1 ) FH 388 4% 5595 ( genetic algo-
rithm, GA) flift SVM BB S E, M T GA-SVM
AP AFE TR A AR | S A AR ) MERR B0 . GA
BIRTEAL S R R — E FE B LR T SVM Pk
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1 HERBESHEXES

1.1 HHERIE

{68 F A B B AR i 1 S PR T 865 72 B 3K, BEHR
— A EE SO, B A S E RS b
FOAR VG % W& AT 2 % ] M R AT 2 AR AT

M el RSP S R R
I B AR R S FE A S R KT 0.5, &
AR M 5 RN B 5 T AR A AR DG T R B
T0.2~0.5, BA — WA G, M2 500 B 5
FEAHRREUNT 0.2 MRS, Rk, ¥t Bik
7 52 R R AE B A SRR AR

B 3o 7 4 TR 5 9 IO A 7 A AT R A b
Y&, R4 T8 T 045 T 37T 18 3% . 71 R0 T8 B A pie REGREOA SN 0748 0.63 MUK 0,028 0.48 034 JUEES
~ 25 A P ~ M A p S
P o Eﬁ“ﬁ%‘%@‘ EERIE KR Y’ HEUR A R YR E T 32 [OKER-0.0150.56 0.026[0:68 08
FEJ7 P RTMLE TP, S far R L, BB n, 1%
{ﬂ{&/ﬂ%g CT %ﬂﬂﬂﬁg a %9%%%7/3@0 ﬁ}ﬁi;&%ﬁjﬁ Va0 0.63 0.32 0.37 0.066 0_29 0.82
A1 Hz BT 21 032 kidk, #1ERT s 108 099 NEY '0.0130.56 0.0550.73 06
BB S S EE AR ‘
S s NN N Ve SIb#lY5:a 0.028-0.0150.066-0.012 0.0330.19 0.019
X AR B e A vh 2 S BB AR Se 1, B A 04
HAGIHEE RN 2 Fon, iR, 45500 b T .48 056 029 056*0_03,‘.»0.0320.46
Y970 21 032, JCAS 8RR, ot HAE, (HER T4 22K _—— (U ossHL, . IO N
- — N . N _ T .34 0.026 508 .055 0.19-0.03 b :
B Y 0 L 22 5 R AR S AN — AR, ‘
AR JG ST o B AT 0 — Ak A B, DL D B0 2 4N LURCL U] 0168 ERRONEH 0.019 0.46 0.44
N - - : 0
NG — )R], H R 0EoE R oHo» 2
1.2 XM S EREREE
S \. S N 7. [ 1 -m g 3
FEZERA TR B T BRI FE 2 B 2 R R Y = = =
some H A BEAL G 225 A Gs A7 RS W ek shbl =
B TAERZS . T 3B Xyl 8 7= A 8 2 2 1) B 1 JhFeS Hsg m R A e B
FSEES , SHECPR AR AT T AH 6 40 B4 I mT A0 Ak A 1 , Fig. 1 Thermal map of correlation between fuel
WME 1 iR, consumption and its influencing factors
x1 BHEFHTERESEIERG
Table 1 Some examples of vehicle driving status data
. KNy v IR/ WA KL BHI HEAAE YR SRIMHFE/
EAR TS T/ %
FATES (km-h~')  (m-s2) g LT (remin~") /T J£ J1/kPa (gos™1)
1 0 0 5.2 23.9 929 87 33 0.268 8
2 0 0 6.1 30.6 726 87 40 0.243 2
3 0 0 4.7 31.8 685 87 41 0.217 6
4 0 0 5.7 29 675 87 38 0.204 8
21 032 5 -1.388 8.0 52.2 893 89 62 0.486 4
2 FEBREESEHINER
Table 2 Analysis of raw data statistical results
. . N . A e s g -
o iﬁ{l ﬁnﬁri/ l’ S| A% KbﬁfﬂFifﬁ/ ‘u W A A% k‘.\«ﬂmé}%%/
(kmh™')  (m-s72) LB/ % (r-min~") R/ C JE 11/kPa (ges™h)
B S 21 032 21 032 21 032 21 032 21 032 21 032 21 032 21 032
A 34.69 0.000 3 14.90 42.84 1 563.59 75.44 39.31 0.882 8
bRt 22 27.42 0.498 5 18.90 20.10 630.01 19.06 28.58 0.8759
5PN 129 2.5 100 98.40 6 206 99 175 10.828 8
i/ ME 0 -4.166 7 4.70 11 617 12 0 0
S LB EA 9 -0.277 8 7.10 26.30 979 67 17 0.345 6
TR 30 0 8.50 40.40 1656 81 40 0.524 8
AR 61 0.277 8 14.10 52.50 1979 90 58 1.228 8
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2.1 CNN-BiLSTM #& 83
2.1.1 A&z H

G Z 45 CNN & — P i il 28 X 45 155
T BCR A T 5 2 RN 4 Ak i) Ak 3 L P R
U =2 0 B3 122 B 4548, T DA AE RIS AU 42 2%
JEE (A TR, A 8004 2 BB P 2 5 IR 2 IR 5 B
CNN 5 i B2 k)2 | 3 2 S a5 4L,
—4E CNN 258 &l 2 Fiios

Horp  BRZ 8 0 E LB R BCEE Y SR
FRAE 5 Bt 4k J2 5 35 FRUZ i L A0 R 0 4 B AT
TORFE, BRACRRAE 4 52, W am A A 1 & e s i),
AT AL 2 A R ) A TR G SRR
WUEAESS . B H b AR T AR, m il n
AN AR R AT 5 R 51, B BE T &
™A

Rim,n] = (HI)[m,n]

= 2 210 kHIm —j,n — k] (1)

CNN A58 R B AE S OBE ), B T Ak 2t
T2 PR A, e rp — 4 5 B 22 1)
201 T Ak B R) e 50 KA, RE RS A A 4 K die
H R TR R BEUREOC & . i T R S i AR
i — Y ] Py 51 K | el — e B 22 R 255 4

WAR  EBUEL LR BBUR2 AR RERE R

S xal a

12 CNN Z5itiR
Fig.2 CNN structure diagram

BOMARE R & AR S
2.1.2 M KA %

KA WO M 45 (LSTM ) J2 1 2 4 28 ) 4% 11y —
FPRRIRIERY Sl 5 | AT T HILI A e T 4% S ik VA A
25 %% ( recurrent neural network , RNN) 7F &b ¥ < B}
JP B0 R H 01 A B 9 2 AR R A I
K3 firs, A LSTM o 1 AMg 2 ook 3 4
I TZH R, 33X 26 ) 30 Jaf e o WP ARG 15 00 g a5t A, WP
15 K B TER A b R 8 0 (5 R, 3 3 AT 400
By AT R AR T 3R X M e A
X, FIRT— AN BECIR S (h, ) AL 4SBT sig-
moid PREY ( El@uaj‘jf,) IR B —ANFE(0,1) FE,
XAMMEFR SRS B WA St b 1] S wir
AHHT—A B Ok S AR B B, I 38 3 55 = sig-
moid PRELFE M (0,1) FYME, RIAE (5 Bl ad tanh PR
BaRP—ANE( -1,1) BME, SR )5 H sigmoid AY %
i, A tanh iR C R BUORYGER B EZ M, A
JEHHT— AP BROTIR A (C,_ ) e List 5l T i
IR 85 B BURT IR BT IRES (C) .
B TIOE T — A BRCIR S AR, R B4 iy AR
SERT BRI A5 Bl 5 3 A sigmoid PR ALAE
i, HT AR R IRIRA B 1 tanh PRECIE 3 F
i 1 2 UAHSRE o T D o, ) R BT Y BEUBCR
A(h,) o BT HT AR ST 09 BRER S H 2) T
—/NINFIE] 2D, LSTM IR 285 BT aod 7 R e 28 fi 1 ik
AT LA S R

f =o(Wlh,_ x] +b,) (2)
i =o(W[h,_ ,x] +b) (3)
C, = tanh(W_[h,  ,x,] +b,) (4)
C. =fC_ +iC, (5)
0 =o(W[h_ x]b.) (6)
h, = O,tanh(C,) (7)

A .o H sigmiod PREL; x, MEF[R] ¢ 15T A B ; b,
SREHE] ¢ Y BEECIR S, B W RO — AN BB B
B b RFE— MR E

A A
C o A ¢ .o ~ G
- T @ e [ @
b
® ® ® ®
.| @ [ @ b , | I B e ,
(=] t 2

8

B3 LSTM &5 #a 1

Fig. 3 LSTM network structure diagram
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BiLSTM % 4% 4, 4% [ij 1] LSTM F1 ) ] LSTM ¥ 4%
WE 4 iR, mim LSTM fEH ¢ - k ~ ¢ B{EE N
A TR TR LSTM (i ¢ 2] ¢ — k P{EAE A AT
T, IR 160 e, 190 2% 1 5 8 2 a2
LSTM gy L1 >k 150, W) BILSTM fofa i (Y, ) ik
KA

Y, = o(h,, k)
2.1.3 CNN-BiLSTM #2744 # 2

CNN i 5 B2 F L2 i se B2, fe g =
SRR R BBORSC I w4 JR SRR AE 2 1T 47 2 3 B R 2 R
BIfE B . BILSTM LUH MRy FR 22 2T e 1, A 3L
Ff TR T BT Y1 25 35 A5 BRI AS 2 T, i A5 A
TR R BRSSP R ik s LR34 DRt i R B
CNN £ 7 f1 BiLSTM #£% &1, #4 & T — 4~ CNN-
BiLSTMIR A& 1 28 W 2%, HL AR Uk, B840 7% CNN
FEBRA BILSTM ik . CNN #ibth — P EFZE  —
ASHLAL)JZ AT — Flatten J2 20 AL, 37 $2 B A %L
P 0 RIERRAAE , IR HL AL AR o8 BILSTM BEH iy A,

(8)

55 AR HL R S BILSTM JZ . —4 dropout JZ #1
—/> dense JZ, BiLSTM JZ 1] T4l 2 XU f) 1] 1 15
B, dropout JZH F B 1k LA $ A A G 32 AL RE
73,17 dense 20| 41 57 28 A 4R AR AR B H F 24
IMFEFNSE S, HM B E MR 5 i,
2.2 Hyperband-CNN-BILSTM #& %!
2.2.1 Hyperband &2

Hyperband It b 5.7 /& Successive-Halving i1k
LB, A RUR D T Successive-Halving 574 H
SR A TGRS T ) 2 B A T L
TR AN AR IC B SR, n] LULE AR R 55 0 A I
(8] N R B B L 1 S 5041 A, Hyperband HE AL 1
AL T A BTSRRI R (9 an il o A b g Rk
FRRED) B T B RAEA R A B n (8 R0
FCHEmS  FARR X TR o A8, #BOE T — /)
BB AL ¢ A2 AR, B n BN 2B A £
BT ¢ LAGEHE FE 0 4R 3R 5 n RN, DUl 20 9 90
DABMPR IS S B 30125 R TN AP E PR 4544 - A

I, h, I, @
A A A A
T 4
LSTM > LSTM > LSTM > —> LSTM > 0
A A
LSTM
J T
0, (e LSTM < LSTM LSTM [€— ...... < LSTM
LSTM
Y Y
O

O

4 BiLSTM 254K
Fig. 4 BiLSTM network structure diagram

5 CNN-BiLSTM HERI[ 2 4544
Fig. 5 CNN-BiLSTM model network structure
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PEIATE [ 2 SEIR AT, £ X SR/ n A1 e P47
Successive-Halving 14 72, Bl X AN 6] n F1 ¢ A9 26 41
1T IE S5 (HWFR A backer) ; AMIEFS 1 5T/ CHE
Bn e E, 5 S RIRZE T A%, Hyperband
S A ST B AT 2 T A R K B U
R, s BUIEA 15 2V IR S o XIS
BOE | SR EL, R ARG W)
AYCIRIERILR n (O m,, +1, ]

m = my. = log,(R,..) (9

R=(m, +1)R (10)

BT IR R AA A B B, TERI IR B
B SR T e KU 8 m,  TE R IR T
ERRSHBCE = W BEE R T n 18— E R 7
BRI, BEIR AT RCB 5], HER B R/ ME n, BT
AR AR AR R A BEIR R, X 43 B B ok s
RECRIE T HTI 0 ) iZ 8%, ORI T 5 39 048G i i
S, BRI

max

Algorithm 1 Hyperband Algorithm

Input: R, ,« 9% By Default: o =3

Output; C, ., % By Configuration

Initialize : m,, =log, (R,..) ,
R=(mp + DRy

|
form € {m,, ,My —1,,0]

no=—— ! = R

max
In this iteration (n,t) are the parameters
for Successive-Halving.

C = get_hyperparameter_config(n)

fori € {0,1,2,--,m}

n; = na™"
t;, = ta
VL = return_val_loss(c,t;), ceC
C = get_K_config (C VL I )
VL«
end for
end for
return Configuration with least validation loss C,

2.2.2 Hyperband-CNN-BiLSTM A£%!

BLB A IMAFENE R —Fhist ]y 51, 52 21038 BER G0 A
T hrsgn, BT — S M BENLIE R sk, A T 1
BTN ML Bh 42 49K 9k I FE, 2 57 B9 T Hyperband-
CNN-BiLSTM i #E 15 i 45 7Y (1% 378 2 P an 161 6 s,
HAE#EST Y CNN-BILSTM B AU SERE F FF Hyperband
DAL A A A % CNN FEE T BILSTM A5k
PEATIRAL , AR AR ) R R S U IE R L RE ), 184
TR AH S | AR REAS 7 T S RE R AIE (8] B IR 2
UIARZME R P S TS B

JRARER
-

RE AL A Bl A
YRR
>l
v
T
Eﬂ‘fﬁ \ s \ \ Wik }
TR Y
TR AR B — = - -
s || Mgy | | (e | |
A
| —mwner || sz
BT
LR

XX['ﬁ]LSTM}%‘;}»

Hih e S5

CNN-BiLSTM##!

Hefadr i

K16 CNN-BiLSTM jiiAE AL i 7 4]
Fig. 6 Flow chart of CNN-BiLSTM fuel

consumption prediction model

2.3 CNN-BiLSTM #&{)I| %k
2.3.1 AFpEALFE

SR GEAIMAEBOE N HARTRINE, JF6 5 2 A
KIS TS BN E A RAAE (R A S B A v, DL
X EAFFE O MERR TN , 25638 2 nTLAR I, %51
TS B (R AR % 22 7, HAF S I IE R
Yi—. R T HROREIR T AT A G — = 2
IEIH R P (2 S S B Tl 22 , % i A R £ a0
AT T IH—feAb e H—fe

Ny = (2 = 25 ) 7/ (K = %) (11)
(1) e AR B — A1 5, R SEBRAFAEAEL;
DS (1 €7 T RN B N (= RPN (1586 R 5B 54
/IMH,

A 2) AR I k2 (0,1) ,H—1k
JEEAEINER 3 PR,
2.3.2 EEIHIEKE

SCEG AR A B AN T AL FRER R Intel (R) Core
(TM) i5-4200H CPU @ 2. 80GHz, GPU X NVIDIA
GeForce GTX950M , 5 THFJEAY Python AEEE - &
Anaconda3 , Python JiiAS Ay 3. 10, SEEGAd FHIR B 24 )
HEZE Tensorflow F1F) Keras2. 1. 0 RRAS ¥4 & T A 41 22
R Z8 5
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F=3 HEA—AEEREIS R
Table 3 Examples of data normalization processing results
g/ R g/ AR ey R/ AW HESE Y0k JRMHFE/
(km-h™')  (m-s?) 1 % R (r-min~") LR/ C JFF1/kPa (g-s71)

0 0 0.005 2 0.1357 0.055 4 0.820 8 0.1851 0.268 8
0 0 0.014 6 0.213 4 0.019 1 0.820 8 0.271 6 0.243 2
0 0 0.005 2 0.227 3 0.011 8 0.820 8 0.2839 0.217 6
0 0 0.010 49 0.194 8 0.010 0 0.820 8 0.246 9 0.204 8
0 0 0.010 49 0.208 8 0.017 3 0.820 8 0.271 6 0.217 6

2.3.3 BALHK RN RTRIN RS = A= W
Hyperband %7 25 i By A 0968 S804 i MAF = Li | (y ;, ) (12)
ZHAHE AR BSEANER 4 iR, miso ot

x4 HBEMNES
Table 4 Model input hyperparameters

BB SK BHCLEE
HEREH R BME
BRI — 0 256
PRI — 0 512
Dropout 0.1 0.5

225 0.1,0.01,0.001,0.000 1 — —

2.4 REGEM
2.4.1 EBsfegER

R T B R (A R, SCRR R RE T 4 R
I 25 45780 5 CNN-BIiLSTM A58 R JE 77 X5 [, 4 Fops 74
4% % & LSTM ., BiLSTM. CNN. CNN-LSTM , CNN-
BiLSTM , #H RI S R E ANk 5 P

x5 ARREWMSH

Table 5 Parameters of different models

; . CNN- CNN-
28 LSTM  BiLSTM CNN
LSTM BiLSTM
RS — — 64 64 64
BRERN — — 1x2 1x2 1x2
k)2 % 1 — — 2 2 2
MZITTAE 128 128 128 128 128
Dropout 0.5 0.5 0.5 0.5 0.5

CNN Z2{# ] ReLU 47 pREI, HoAth ) 2% 2 fif
ReLU 07 PRI, 45455 760 247 fff FH e 1F 14 3 17 A5 70 48
fE4% Adam PREL, 5 5% pRER 7 25 48 %R 2% , Epoch
BEE N 100,22 2] 154 0. 001, Batch Size 3R 2,
2.4.2 BEAFMIRAR

SR T AT PEAG S AU I 25 45 SR A v P A v g
EET 3 FPEM TSR 4 X152 25 (mean absolute
error, MAE) | #4577 #2 1% 22 (root mean square error,
RMSE) FIRE REL(R?) . X EEFE AR 14 U5
NEF

(1) 4 %5 1% 2% (MAE) . MAE fE % 7 e 15
DI 5 SEPRERIRZE RN, MAE AOME )N, 156

(2) ) 75Ri% 2% (RMSE) . RMSE T & i
ME S5 B 2Z 8] iR 2%, RMSE A9 {8 #/) , A 7
P A= g = RN Wy

RMSE = J[ (yi _QA/i)z] (13)

(ﬁ*ﬁaé?%é&(l%z R JH T 5 A 50 % 0030 {1
BRI . R BT 1, VWA 38l
ST | BRI (B PP R A Rh
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T B B SRS AR, AR 5 B Se AR b
HLEHL T HES20Y 1 000 28 IE1E N R FEAS , -2
TEARAA LRI, e 7 B, WESK P, T A AR
RUBLIR B3R T8 A 3R . (AR
B e £ i g kb BILSTM . CNN-LSTM . CNN-BiLSTM
L& Hyperband-CNN-BiLSTM 4 () 2 3G Ry % 11
X— M AEE 7 7 B R R A 2] TR A i
AEIE, 7E £ I3 b CNN I LSTM A5 R AY AN
JE BT LA AR IS, IR 7 Ry Ok AL
iR, A EEZ T, Hyperband-CNN-BIiLSTM ##5 5 7 %%
AT R R IARE , OIS AR P WA S I A Ak
HRRENSHERA LR BE (A AR (b B B R TP
o5t , b — 2R T AR PR A AR TR0 b (A A5

6 NRFEEHINIEMTEER, nTUABIRAE ), 4
A EAIZE MAE F MSE J7 T ¥4 8 35 00 T s — A5 A
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Fig. 7 A fitting curve of partial true and predicted values
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Table 6 Evaluation indicators of different models

— PR
MAE RMSE R?

CNN 0.146 38 0.25096  0.959 49
LSTM 0.078 87  0.221 02  0.962 46
BiLSTM 0.067 46  0.15521  0.984 08
CNN-LSTM 0.076 25  0.15293  0.986 45
CNN-BiLSTM 0.066 81  0.153 81  0.987 56
Hyperband-CNN-BiLSTM 0.05769 0.11925 0.991 76

[FES7E R B3 W ML, X s vl 4l
BB AR ERE B W] ﬁﬁt?%%ﬁ?ﬂ,/ﬁ G
F18) 0T T A 3 R B G ) B L G ROR . i — 2kt
CNN-LSTM, CNN-BiLSTM #I Hyperband- CNN BiL-
STM X 3 BRI T X L 73 BT, & IS5 35 76 45 W0F
Hrfetr BRI i, BAKMF, 5 CNN-
LSTM £ # Fl CNN-BiLSTM 4 kb, Hyperband-CNN-
BiLSTM # 7 f#) MAE AH LT I 2 FEAR T 24.3% |
13.6% , RMSE [# 1% T 22% .22.4% , R # & T
0.53% #10.42% , X 2E¥ 4}z % W] Hyperband-CNN-
BiLSTM A5 7 00 4: B8 AU A RCR ) B & R 3
FeoT R UE TR AL TE G A0 A T v B A R A
PE
3.2 HMEFIEOSRESNT

FESEAT I 18] P 51) T ), e 43 5 3 A 1) B) 25 11
J¥31%FF Hyperband-CNN-BiLSTM 455 7 () 14 RE 22 5¢
HE, BT 6 AR AR ] 1 84 AR R
ANJFH) RPN PR bR g RN 7 PR,

x£7 AEREEHOTHEEAENIBR
Table 7 Evaluation indexes of the model under

different time Windows

AT MAE RMSE R?
1 0.075 71 0.163 15 0.958 68
2 0.057 69 0.119 25 0.991 76
3 0.064 00 0.142 15 0.988 77
4 0.057 71 0.127 55 0.990 25
5 0.059 25 0.134 38 0.989 01
6 0.060 00 0.132 36 0.990 18

2ot Z YR kB, YR A AR K
FEN 2 B 4 I BRI R B AR T 45 R, Mk
NGRS ) Ht,%ﬁ{mu,n%m&?ﬁmw\rﬁu
() T 45 2, MAE 49 51 FE AR T 23.8% . 9. 86%
0.03% 2.63% 3.85% ,RMSE 4> HIFEA% T 26.9% .
16.1% .6.51% . 11.26% .9.9% , R* 7y W42 & T
3.45% 0.3% .0.15% .0.28% 0. 16% , 7] LI &R,
R BB TA] 7T 1 91 R I, 25 (ARS8 1 B3 40
GG, FEIAEE TR,

4 #Fig

DASE R 6 I 3t BT WA 17%) 4 3 A RS B
THFEEE A L, 2 b 1 5% e ZE 5 vk AR Y e 2 PR A
2. [FIBTAERfR CR A B[R] P 5 0 ™ e i Bl L )
FHR B 2 2] J5 i, $& Y T 2% T Hyperband-CNN-
BiLSTM W £& A AL 2l 24 71 RS 0 00 A5 80 | SIC B 1 il 3
W, IS AR T e A5 H DA R 4598,
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Mtk . www. stae. com. cn



R
3904

woARA 5 TR

Science Technology and Engineering

2025,25(9)

MRIEB RN BEARHBAZ A8 T 25 S0 Z B ) SR C R
[R5 & BiLSTM a4 21 1 %5k R J2 Uk 1 B[] #H ¢
P, F0KS E 48 CNN  LSTM , BiLSTM , CNN-LSTM £
R T 2.92% 2.61% 0.35% 0. 11%

(2) 75 S 3 A4 HRE [Ty s 2500 v AN [R] 4R X 13
25 R BA7 22 S AL i 52 e F2 52 38 48 51 A Hyper-
band HEABIRISEA T 25, A3 203 R 1 SE b A AU A b
PRARLE P RAIE B R 2 U 55 S R R R B T B BE
(AR R T URS M () FEAR T FE R AE 5 9000 2 ]
P BSREOC 28, P iy 1 T EE A AL A L AR TR
{8 Hyperband 415 £ 1) J2 A A5 780 | ¥ J00KS J3 45 v T
0.43% , 53 T ImFER it — AL Fks EAL

2 £ x #t

(17 e AR A ZSEREE AR, v =78 S IR 4 BRAE 4T (2023 48)
[EB/OL]. (2023-12-07) [2024-05-02]. https; //www. mee. gov. cn/
hjzl/ sthjzk/ ydyhjgl/202312/120231207_1058460. shtml.

Ministry of Ecology and Environment of the People’s Republic of
China. China mobile source environmental management annual re-
port (2023) [ EB/OL]. (2023-12-07) [2024-05-02]. https: //
www. mee. gov. cn/hjzl/sthjzk/ydyhjgl/202312/120231207
1058460. shtml.

[2] Wang J, Rakha H A. Fuel consumption model for heavy duty diesel
trucks: model development and testing [ J ]. Transportation Re-
search Part D Transport and Environment, 2017, 55, 127-141.

[3] Chupp W, Zubrow A, Raymond A, et al. MOVES3 sensitivity analysis
[R]. Washington D C: Federal Highway Administration, 2023.

[4] Smit R, Ntziachristos L, Boulter P. Validation of road vehicle and
traffic emission models: a review and Meta-analysis[ J]. Atmos-
pheric Environment, 2010, 44(25) . 2943-2953.

[5] Fan P, Song G, Zhai Z, et al. Fuel consumption estimation in
heavy-duty trucks: integrating vehicle weight into deep-learning
frameworks[ J ]. Transportation Research Part D; Transport and En-
vironment, 2024, 130, 104157.

[6] RN, T, HIRSC. A B IR A IAE AN HEBOTAG F
FELI). BEHAR 5 TRE, 2017, 17(12) ; 108-114.

Yang Dongbo, Wang Min, Qiu Zhaowen. Research on evaluation of ve-
hicle fuel consumption and emission of different highway classes [J].
Science Technology and Engineering, 2017, 17(12) . 108-114.

[7] Gavric S, Erdagi I G, Stevanovic A. Environmental assessment of
incorrect automated pedestrian detection and common pedestrian
timing treatments at signalized intersections [ J |. Sustainability,
2024, 16(11) ; 4487.

[8] Fan P, Song G, Zhai Z, et al. Fuel consumption estimation in
heavy-duty trucks: integrating vehicle weight into deep-learning
frameworks[ J]. Transportation Research Part D Transport and En-
vironment, 2024, 130, 104157.

[9] Ashger M I, Ashqar H I, Elhenawy M, et al. Evaluating a signal-
ized intersection performance using unmanned aerial Data [ ]J].
Transportation Letters, 2024, 16(5) : 452460.

[10] Moradi E, Miranda-Moreno L. Vehicular fuel consumption estima-

tion using real-world measures through cascaded machine learning

modeling[ J]. Transportation Research Part D; Transport and En-

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

vironment, 2020, 88(11): 102576.

JKFT. BET LASSO Bl H b A WM AT [T ]. b [ AL
2022, 45(4): 129-132, 139.

Zhang Yu. Research on daily fuel consumption prediction of ships
based on LASSO [J]. Navigation of China, 2022, 45(4); 129-
132, 139.

Zargarmnezhad S, Dashti R, Ahmadi R. Predicting vehicle fuel
consumption in energy distribution companies using ANNs [ J].
Transportation Research Part D: Transport and Environment,
2019, 74 174-188.

Ghasemi M, Qazani M R C, Lennon C W, et al. Analysis and
prediction of microbial fuel cell behaviour using MLP and SVR
[J]. Journal of the Taiwan Institute of Chemical Engineers,
2023, 151 105101.

Wang G, Zhang L., Xu Z, et al. Predictability of vehicle fuel con-
sumption using LSTM ; findings from field experiments[ J]. Jour-
nal of Transportation Engineering, Part A: Systems, 2023, 149
(5) : 04023030.

Walnum H J, Simonsen M. Does driving behavior matter? an
analysis of fuel consumption data from heavy-duty trucks [ J].
Transportation Research Part D, 2015, 36(5) : 107-120.

Hamed M A, Khafagy M H, Badry R M. Fuel consumption pre-
diction model using machine learning[ J]. International Journal of
Advanced Computer Science and Applications, 2021, 12 (11):
406-414.

DuY, WulJ, Yang S, et al. Predicting vehicle fuel consumption
patterns using floating vehicle data[ J]. Journal of Environmental
Sciences, 2017, 59, 24-29.

Xu Z, Wei T, Easa S, et al. Modeling relationship between truck
fuel consumption and driving behavior using data from internet of
vehicles[ J]. Computer-Aided Civil and Infrastructure Engineer-
ing, 2018, 33(3) : 209-219.

Wang J, Shen L, Bi Y, et al. Modeling and optimization of a
light-duty diesel engine at high altitude with a support vector ma-
chine and a genetic algorithm[J]. Fuel, 2021, 285 119137.
EE AN, 254, 4. BT SHARED-LSTM 9 88 42
AT SE S B A T A AR TN Oy vk [ 7] i EAL S Bk, 2023
(3): 121-126.

Wang Yiting, Hang Benbei, Li Bin, et al. Fuel consumption pre-
diction method of heavy trucks with different accelerating driving
behaviors based on SHARED-LSTM [J]. Computer and Moderni-
zation, 2023(3) ; 121-126.

FRAEF, XK EE, Bk 3. 2ETF CNN-LSTM-lightGBM 414 119 48
SRR DR BT[] BRA R 5 TR, 2022, 22(36)
16067-16074.

Wang Yuxuan, Liu Erjia, Huang Yongzhang. Ultra-short term
wind power forecasting method based on CNN-LSTM-lightGBM
combination [ J]. Science Technology and Engineering, 2019, 22
(36) : 16067-16074.

A, WRA, 228, % 3T GWO-CNN-BILSTM 1748 7 1 KU
WL, Bl2EHR 5 TR, 2023, 23(35) ; 15091-15099.
Cheng Jie, Chen Ding, Li Chun, et al. Ultra-short term wind
power prediction based on GWO-CNN-BiLSTM [ J]. Science
Technology and Engineering, 2023, 23(35) ; 15091-15099.

Li L, Jamieson K, DeSalvo G, et al. Hyperband: a novel bandit-
based approach to hyperparameter optimization[ J]. Journal of Ma-
chine Learning Research, 2018, 18(185) : 1-52.

Mtk . www. stae. com. cn



