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Automobile Sales Forecasting Model Based on Convolutional Neural Network
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Abstract Traditionally the kewords selection of web search data is a manual selection task. It is difficult to take all the keywords
into consideration. Therefore.the deep learning method is introduced into the field of automobile sales prediction,and the deep
learning model is used to extract features of web search data. At first,car-related keywords and online search volumes are collected
through web crawlers,and then a car sales prediction model of convolutional neural network is designed, based on the characteris-
tics of web search data and sales data. The model is adopted to predict the sales of Volkswagen in the first half of 2019. The re-
sults show that the convolutional neural network can effectively predict car sales, and the accuracy of the prediction reaches
89.51% ,compared with RBF, ARIMA and ARIMA -+ RBF model. Due to the impact of the Spring Festival and the implementa-
tion of new policies,it has the largest forecast error in February. However,it has the highest prediction accuracy in March as the

market recovers.
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Fig. 1 Schematic diagram of convolutional neural network structure
2.1 mIEfEE
2.1.1 ARE
o 4% 14 8 B 40 R 2 A SO L e A B A s kAT
BRBAEZ G AR BOZ B R AR IE . ASCH X) KRR &
BUZ L5 MEEm Wi KRR ERUZ (5 A 818 B
(B 17 3 ) i J2 A B 1], M, o8 46 BRURCTE S A B | il 0k
L« PRIRBTIB R £C ) BT R T B URR AR Y
AR D R
= 5 XU AW,

(@Y
Xi=f(=)

TEEBUZ . — DB R 5 5 AR 5 BALE . 5 H Al
B T8 56 DT TG R I T 4 3 SR R SZ B 5 [ L X A
R TR B0 9 — 1 3d G b [0 A A 2 RO AT AR A i 5 L
T SRR XA SR P R R B B 2
LB O 2 —.
2.1.2 TFTREE

X R BEAT T SRAE L AT LATE £ B RO A AR B B4 (] e sk

AU b TR L T X B 20 00 4% D 2 B BOHE B 1 T —
B FORBE— R AT 2 % 2 BB T, A0 R B R AR L U B
2 % 2 BB IR AR R S 2 AR 2 L T HRUX 4 A B
TR, XD R 1RGSR AR L R ALE L6 R
B down( + )FRR T RBE £Co ) Jg i BB R SR A2 1
JEEANF

2t =pidown (X)) +b)

Xi=f(z)
2.1.3 4% E

2o 3o 5 T B R L B T R — 4 1 L P HE A R TR
WEATAY s T, 4 3 52 2 (3 S A R A2 (3) Bk . A8 B
T AT A7 T 0I5 R i S — A SR I DL K B R
MSEJ7#2) . MSE Wit A =k () fiR JLh ), %
TR + y; 7R B om WREAKL .

D)

X' = FOW'X 460 3
MSE=-"L3(4 —y? )
mi=1
2.2 REEH

TE T ) AL 36 B Be . 3 — $0 25 1015 BB AL A 5% L 70 5 1) f%
o B B A0 R A B BE T R TR S 1) A% R L TR A AU 2 T 4%
— R A SR S BT ARG B R T R
IRBVER . A TR 46 04 S 1) % B £S5 k(32
2.2.1 ARE

T HRUZ M T — 285 8 T RFER E 5 1% 575 i
W BT REZHRBERR S ERZORWE. I, 2
R M ERMALR AL RN 2% 2,55 (+1 B EA
EARXS RS LJRA 2% 2 FUNBI DB, wp AR RS (1 2
B A I ] 203X A 2 % 20 DX D e e R AL A o7 L JE il £
#h 120, o3 Hadamard B, 27 JH B 0 7 T 28 AH 7 , 0 45 1
20 R R

=R D eup 3 ) (5)

TEX & TR S HOR 0, 75 2% 18 512086 T AR 3 1Y S
ANFRE s by o 5 WH AR BYER 234 A JT R . 9 o7
b B Ay = (O 38l /(1

W, =W, =92 2 @haliih 1w, 1) (6

H T 2 T8 0 4 — A H AT S R A G, TR e
T (145 85 Sy 12 30 3 R0 T 3R AL T i ST AT

by =b— 92 (3) ... "
2.2.2 TREE

M LZ T REEERBRE (+1 2R, W
HT R REERFR E— R RS 5T .

& =08 % ror180(Wi) e £/ (h) ®

rot180 (W) R /m 5 4 B e % 180°, 07 T T X H il Ft
BEAT AN O AL B AR KN < AR X O T A AL Y SR
W= (9) K10 Frs

bi =05 — 9285 (9
Bi=pt— 92 (8t edown (X '), (10
2.2.3 A®%BEE

Xt F—AREA, % RE R REE N .
b‘":%(X"*y)f’f/(z") an

XFF A AR B RO T — )2 Y R SR R A4 S



180 Computer Science T MBI Vol. 48, No. 6A ., June 2021
— 2 RAE, AR 3.2 BIERESKHIE
Sl =(WIHHTel e £/ () 12 0o 2% 48 R AL 1Y FRIBCR A B £ A R AR A T

PR L 55 12 B ASUER A i B SR AN T
lewl_"?a/(xlfl)'l‘
bl:blfvé\l

3 ETEHERMEMNKHREHEMNKREIGE

3 WF 5 [ PN M OG5 B SCRR R AR SCR T R T
A BRI 28 ) 26 1 955 4 e U RSB, I ] 2 BIR . BERL AR R
AR Y O B TR B B L B4 R 4 5 Ah B L CNIN A L A L
5 55285047

(13)

SRR S HERESAE D OW T\ @
- PR
gaen b 5F I I
WE
e
&
A4
bl
i o LT ol
T EA B
v HE
I
s A= Dropout
AT K II
l | =

[ERaz]]
N—__

Pl 2 VR4 T AL R [
Fig. 2 Sales forecast model diagram
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Table 1  Search volume of some keywords
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Fig. 3 Data structure change diagram
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Table 2 Predictive in different gradient descent functions
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Table 3 Predictive results in different learning rates and

different activation functions
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Table 4 Predictive results in different network structures
9] % 25 g 3B K
8conv=>16conv=>1000fc>10fc>1fc 0.0838
8conv>16conv=>100{fc>>10fc>1fc 0.0857
8conv>16conv>500fc=>100fc>10fc>1fc 0.0810
8conv=>16conv>1000fc=>500fc=>100fc>10{c>1{c 0.0705
8conv>16conv=>32conv>100fc>10fc>1{c 0.0854
8conv>16conv>32conv>500fc>10fc>1fc 0.0778
8conv=>16conv=>32conv=>1000{c>500{c>>10{c>>1{c I 4 % Tk

3.4 REE
1 — RN G AP R B A T — Ak T B TR

Qzﬂfﬁﬁﬁjtf\uuhﬁhi% IR, T N 4 45 4
PZ BRI AR T2 208 12 )2, i 4 B VR 45 45 B
fi.

BRI — A B2 8 A 3« 3 WU B 2 % 2
E’Jxrjumtiw’béﬂﬁi oA BRI AL RS 16 4~ 3% 3 1)
BRUZLL R 2 % 2 0 B RO A A SR 5 1 800 1 1 — 4 )
TR AT s R A A A TR R O BN A B 4 i
2 453K EE N 1000,500,100,10,1 A4 )2 . A& —
AFME . BR %FF%H%%EWB T B bR BCR: F B AL BT R
2% (SGD) .22 R Hy 0. 000 1, B — 2 MBI BN LeakyRe-



182

Computer Science T MBI Vol. 48, No. 6A ., June 2021

lu, Dropout {54 0. 25, ZEMNSEBE B T , £ 56 UE AR A1 ) 71
RS

4 BRI N

A SCHEAT S A9 T R R 2 00 B 2019 4F 1—6
HOR A . W, 2% B B0 AS [7] Y 36 11E 42 X 3000 25 2R 04 5%
Wil 2R 1T 7 37 28 330 TE ¥ 4 B — 4F 1Y BRI 4 b e ik B o e
S DRI, /0 A BECHIE A1 00 B ATLAS 0 Pk R o R 25, T
Mm% 5 s,

F 5 RARHEAB @B MAPE
Table 5 MAPE of Volkswagen sales prediction
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Fig. 5 Sales prediction different validation sets and different
model
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Table 6 MAPE of different model

1A 2R 3H 4A S5H 6HA MAPE

CNN 9.24 22.38 3.10 11.40 9.70 6.99 10.47
RBF 7.12 54.12 23.94 13.71 10.63 8.16 19.61
ARIMA 3.91 52.75 7.31 9.36 21.01 5.77 16.69
ARIMA+RBF 2.48 52.84 6.16 6.71 19.23 1.99 14.90
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