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Abstract

Against the backdrop of increasingly severe global warming, carbon emissions have become a focal
point of international concern. As one of the world’s largest developing countries, China has put for-
ward the “Dual Carbon” targets. To achieve this goal, forecasting regional carbon emissions and an-
alyzing their influencing factors are particularly important. This study begins with a comprehensive
literature review, followed by the collection and preprocessing of time-series data related to carbon
emissions and socio-economic indicators in Shanghai. Subsequently, three single forecasting mod-
els—Autoregressive Integrated Moving Average (ARIMA), Back Propagation (BP) neural network, and
Least Squares Support Vector Machine (LSSVM)—were employed. The results indicate that the ARIMA
model outperforms the other two in terms of prediction accuracy. Based on this, two hybrid mod-
els—ARIMA-BP and ARIMA-LSSVM—were developed using optimized weight allocation methods, aim-
ing to further reduce forecasting errors. The hybrid ARIMA-BP model was ultimately identified as
the optimal model for regional carbon emission forecasting. Furthermore, from economic, social, and
energy consumption perspectives, relevant indicators were selected for correlation analysis, grey
relational analysis, and regression analysis to explore the key drivers of carbon emissions. The find-
ings reveal that per capita disposable income, per capita GDP, and total energy consumption are the
most significant factors influencing regional carbon emissions. By adopting a data-driven approach,
this research constructs an effective forecasting framework for regional carbon emissions and iden-
tifies their key determinants, thereby providing a scientific basis for formulating targeted carbon re-
duction policies.
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Figure 1. Data cleansing effect diagram
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Figure 2. ACF/PACF plots under first-order difference
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Figure 3. ARIMA fitting and validation and test set prediction results plot
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Figure 4. BP neural network prediction plot
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Figure 5. LSSVM model prediction plot
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Figure 6. ARIMA-BP hybrid model prediction plot
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Figure 7. ARIMA-LSSVM model prediction plot
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Table 3. Explanation of influencing factor indicators
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5% 4. STIRPAT 182 R It RA
I (Impact) IR (AR, BV FESE)

P (Population) N B

A (Affluence) = AR GEE 35 GDP #£7)

T (Technology) BRI Gl i F B HE TSR 3R )

ERTH, a NEHI, by on d NHMEREL e NBENLIRZET.
H1 T STIRPAT /2 AR VERIRY, 38 B 18 SR B 4 oy 2k 8 )1 77 3K
In/=Ina+bnP+clnA+dInT +Ine (18)

FEMEIERH_EJAE I fie /s — SRR AT S HOBEAY, AR AR 5 PR
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Table 5. STIRPAT model parameters
3 5. STIRPAT #2EIS ¥

B3 B RH P A
WL -0.0616 0.225
A¥J GDP -0.1818 0.001
REVEH FE -0.0153 0.839

# A GDP. S AE. BEAR, REEVEFE S AW LRI E=m . FFRBNEN
AN, 2 ELL s R RPTA B8R VIF EH KT 1000, fA7EWum 2 mILt:, B
T/ e lnl A i T R BT SR T EIGK . BB YRS, ok uER R B S AR B ST IR B RN,
Rl A SCR UG [B1)H . Lasso [A1AP 0 IE WA 77208 1, 4 DL B g3 [l VA T J A f P A 56 o
3.3.2. I&[E]Y3(Ridge Regression)

IO\ L2 TE NGRS 10 R 4 AR sl R, Bk AL

mm{meL—ma—Mne—dn4—dmzf+z@ﬂ+&+dﬁ} (19)

JE sk U4 P B R AE T R A, WHRR 2 AL ORI R E M, R A AMEH RS

FE X, WiiiEsrt 280 BIEEEA VIF £33 % 10 LA, RIAZ RIS E 6 fix.

Table 6. STIRPAT revise model parameters
7 6. STIRPAT & IER RIS H

e HPERH P&
WA —0.0582 0.231
A\¥J GDP -0.1763 0.001
REVE T #6 0.4215 0.000

F=rl i b -0.1127 0.008
FRHBEN —0.0894 0.012

3.3.3. Lasso [E]J3
FIN L1 IR, 452K o AL
RSS+ A (|b]+|c|+|d]) (20)

o HEh E4E 59 R B R BE 0, SLHIBIRIHIE, ERCASE 2003~2021 F/NFEAR FE#E. Lasso
[E] 9 E 5h 5 B s R AR A5 g s As &, (B A3 GDP. fEJEINFE. = e, BER DY KR
AF, N1 GDP #ME 2%0-0.1802, 54 [RIHZE HmE— 20, I0UE L 5 B 6 B HE T ) # 4F F F&
EEIE.

3.3.4. BN

R ERRIIENE . NORB R I8, I—RIE 7 Z TR 87.2%1 3 MEXRE S : &
FEAART NDIELE T RRIE AR T K E AR EL STIRPAT [5] 5, 38 3o 4817 40 B2e 3 J5 5
AR BB E R DB RS L MEIBRE SI& . Lasso [B1VATC W 0w 2, E B IE 4518 B4 5 .
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3.3.5. B AHE
&1 5 & Al P R TR Sz o 5 B #a 34 P UL IS, SR ZEBENL A 8 R Gt mAs (4 10), MHECJR UG5
N FENH, BRLSLE R 0.702 1RTHE 0.896, fRREfE ) B E R,

SeBRAE-S B R X b BESHTE
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Figure 10. STIRPAT model plot
10. STIRPAT & 8[E

3.4. SN R TTHEREE 54T

ARSCRT R KR R 20 A B N =TT AHOGRBOE R K8 OGRS T LA S 2 57, STIRPATA #5274
BEATSEMA R 25 70 b7 o G AR DGIAVEAE B . K8 ORBR M AT STIRPAT AR AL R[5l H R BBl 45 e dkdsifb
FERTRHET DA E o 2, 3R IR EFE 1T e P BB G REVR R0 138 i BB B AR R S H

CEE M RHEAERE . IRE ORI HT. 2 HILHAZ IEJ5 1 STIRPAT & [E4. Lasso [HIAZEH, 454
W5 REIR TR, TR IR IR A5 1

1) O IREFEE: A% GDP. AR SR, 3@l P g5, Bt RN T
REVR I BRI = 26 B AR M BRHER 25 =/ s Eo . L EF RN SR AT R, ORE B K
(IR

2) B IERIRENF E: RRUREFE AR, AT NSRBI AR AR s N 5K i R ek
FAE o

3) ST R AR EARER, AT R -

g ORI PR VR R IR s, RIEITT R A B ACE AT B RG ARFEFA R . BRI
T SREF ARG LA G SR, 2L ATy E Py A S IR TR BRI e R S .
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4. ERERE
4.1. ARG

ASCEH = — 8 ARIMA BERL, BP #H&E ML LSSVM A5 xT_F¥gTiT 2003 ££5] 2021
SRR NSRS AT IS TR, = Ao AR R I B R AP RO P 45 5 . b ARIMA A5
PRI R T, R G H ARIMA #5570 b5 HuAh 5 AT 1 4T 20 4 T

TR B T 6] 5 41 2R A 3 T I SN, ARIMA RS RSEIEE 75, B S I i 4 B 2k 1tk 3,
MAEAELR AR, BP #E M Z8 A R v] DAAME AR MR 2 . ITE A S48, ARIMA-BP #1481
26 S AR RULE LB AR FARXS T ARIMA-LSSVM H7 R HILAS 55 R4 24

ACBINFALER . S RBARIBEIRRAR, &4 Lk, felE BB T s pLe s &
% STIRPAT A5 B 3 %2 B 32k ik, SRAIIA (A1), Lasso [AIVARZIERERY, [mIH45 BAaf@ A 5E. S R A
BRI SCi N ANY) GDP ABHEEUZ O G IREN B 7, BRIEIE AR Sy R EEA IRE) ;58 =k B
TR RN L5 R RSB AR FOAZ O P A A8 B . R E/N 3% STIRPAT [N % B ILLk M R 775
#, ZLIENHLIEIE G, N1 GDP JHEs M Fa e /5 —0.18~—0.17 [X 8], EAbiEsL B4 5 K R AR 0 7

4.2. IRBFR

XA R T 5, 2L PRNAR A ERORTO ve, (EAE AR R A, THEEREOR, ATREANE
P SRS FE, 9 BB K £ A PN HOR T RE A /N B SR IR F5 [ 12] . AEABT SRR R, JFR
R AP T RE M PR 2R A5 FEAE AR Y, S B AR PR T 45 SR TT RE IS R 58 4 SN S T IO N E B HET
RO RTCIR =R

XTI R R e M5, AR SCEC R SR RN, Teik B AR A e 2 2 TR AN EBGRE (13 ], JF HA
RABOERE R B WAL B 2 MR SC R, TTIERMI AR R R AT R T E R &=, o]
RE 2 1 AL R &, BUA IR

4.3. REMAR AR RE

FEFE o3 A 77 T W] AR5 N 2 R R 3R, kg . BoRBED A,  DLHR w2 ) T RS 52
ANERESI[14] 0 AT LAZE & SC B A D S8t TS TR, DA e IR Ay SEEIR A AT M o AT BL
R E S A T T332, nER A 21Tk, DAt — DR m R R R U RG E (1510 Jm 8T Ul e 7l 45
Hy. REOER RRIRGHERARGHEEAZ RN, WEZH T PHE IR, DTt
KINTMAE L . W KRB R T, Frgey 787, BoR BOREA - fighs: 48— RAIE A, Lasso.
TRy IH 2 E AL B AR R 2 LA, MR R ECR EC L, (RIS AT SN R ORI
M FRBEARAE “ N2 GDP - BRHEEBC” S R P IAL STk, S T U5 T IR AR A T R A2
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