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Abstract

This article takes the carbon emissions data of the logistics industry in Tianjin from 2000 to 2020
as the research object. Firstly, the Lasso feature variable selection model is used to determine the
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main indicators that affect the carbon emissions of the logistics industry. Then, the selected indi-
cator values are used as input variables to establish a support vector machine model based on ge-
netic algorithm, and a Lasso-GA-SVR model is constructed to predict the carbon emissions of the
logistics industry in Tianjin. Comparing this model with the Lasso-GS-SVR and PCA-GA-SVR models,
the results show that the Lasso-GA-SVR model has better predictive performance. Finally, the
proposed Lasso-GA-SVR model is used to predict the carbon emissions of Tianjin’s logistics indus-
try in 2021.
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Table 1. Conversion standard coal coefficients and carbon emission coefficients of various energy sources

= 1 BEERITERER R YRR R

REE AR P =2 BcHE IR R %
JR 0.714 3 0.755 9
R 1.471 4 0.553 8
e 14714 0.5714
S 14571 0.5921

BREH 1.428 6 0.618 5
WA 1.714 3 0.504 2
RIRA 133 0.448 3
H 7] 1.229 22132
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Table 2. Categories and indicators of carbon emission impact factors
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Table 3. VIF values of carbon emission impact factors
= 3. BRHEFE I E-F VIF &

Bl Xy X2 X3 X4 X5

VIF 7.494e + 04 2.178e + 03 4.251e + 03 452.660 314.522
Bl Xg X7 Xg X9 X10
VIF 279.306 3.743e + 03 1.932e + 03 751.236 1.559¢ + 03
B3 X11 X12 X13 X14 X15
VIF 250.561 3.104e + 03 7.067e + 04 447.432 857.859
B3 X16 X17 X18 X19 X20
VIF 817.311 1.154e + 03 68.035 308.916 1.223e + 04

Z H L R IR AR 2 [AFTE AR R R . Hop O Z K R 1-(Variable Inflation Factors, VIF)
B2 BRI B Tk —, B A R AR B R A B3 05 AR O A R R TR R I
T2 P R A AR B 2 (A AH G M UIREE o 7 ZIHK I 10K, SR IR AR B 2 [A) 1) 22 B AL A R, [z
MRS, @ ZEIKE T 10 8RR A Kk A
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VIF, =ﬁ,j:1,2 ..... n (10)
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FIH MATLAB X AN R & 1) VIF AE#EAT K3 3.
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TN (X1a)~ THIE E (X4)~ I B (Xis) s BB E (Xee) TR FE 2 (X07)~ DTN N E (x16)« DT
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2 A) 2LA R 1 AH

5.2. Lasso $FET Bk IFEE

1z Lasso [FlJH LR EL 9 AN F1H R E A 0 A8 J A v 1 BL52 0 PR 28 (U155 4), B Xgn Xao~ Xa1-
Xiov Xtav Xisv Xigs Xig~ Xigo 2 BRHLDX A2 SH (x,) A2V i BHELSH(x). A GDP(xs). ==k
B (xs)~ BB = E(Xe)« UM (X7) B2 By gk Y TS (xe)  BRER B LR (xo)« IRBLE 1T 3¢
BRSO (Xez)« TR e B (Xer) s ELIRIR XA SR (xo0) 11 N E . XA FAS — = EEARE R, 7k
ARG, EERYE, N S iR Ry, AR I P AR B AR D, R
Sl 5 H S XA 7 S R 35 GDP AR AR IS E . TEE — b G b 58 ==l 7 BE R B ==
b B[R AA B T — AN X AR o S5 A, DR [R50 BRI P AN AR o R ERORT 2 B AR Dy A2 i 1 A 1) B 24
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Table 4. Lasso regression coefficients

5% 4. Lasso @R

AL X4 X10 X11 X12 X14
RH —26.806 28 0.019 485 52 -1.353 136 0.016 581 2.51E-05
AR X15 X16 X18 X19

B4 0.001 163 49 —1.74E-05 19.912 541 2 —0.152 850

g b, ARSCHERURE—7 M S (xe) AR EFR(x0)s ABEEIBIREINE B (o) ML B (Xe)
TRIEE () DRV B (xe5) s BIB B (Xee) s PDVRAL ANV A B (X06) « A0 52 5 (x00) 9 NREAE AT
Wi R T i M R TSR P 2 B R R

5.3. Lasso-GA-SVR &7
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,  x—min(x)
X= max (x)—min(x) (1
A xONIH— A F S BBE, o BRI, max(X)FT min(X) 53 3R s REAS B 1Y e AR A e/ IMEL .
i P AL BE%) SVR MR R Sk T wlaath, SHIETIRF C AR ESH g RS HA S,
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PRREREBE MR ROE N 20, FORIEARIRECN 200, S XAER N 0.7, BRMR N 0.1, Sk, L. &
S 2 UOEAR, IR PRIE BB B ()M DNA AT RS, 3R MiES4 C = 55.914, g = 0.039291, *¢
NS 7% % MSE = 0.012244%, FHEEANAIE BFE 2R 1 fis .
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Figure 1. Fitness curve
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Figure 2. Comparison between Lasso-GA-SVR predicted values and true values
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FRTIEASCHEH ) Lasso-GA-SVR A Fill 2 5, # Lasso-GA-SVR M1 5 Lasso-GS-SVR Al
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Table 5. Prediction effect of combined models
< 5. AERBMTUUHR

EREg: it Hoxt iRz X 1R 22
Lasso-GA-SVR 6.936 896 296 0.020 057 824
Lasso-GS-SVR 12.785 940 38 0.036 970 157
PCA-GA-SVR 24.255 835 65 0.070 135 01

HH#% 5 173, Lasso-GS-SVR. Lasso-GA-SVR 1 PCA-GA-SVR Tl 4 fy A1 5 15 22 43731 3.697%-
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EEE T SVR BIA R TONRE FE . = AR R B Tl A R BN 1] 3 s, AR iR IsCR B R T A, AH LG
T Lasso-GS-SVR 1 PCA-GA-SVR #7, Lasso-GA-SVR HEAILE 2020 4E [\ RHECE T, 5EE
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Figure 3. Comparison of combination prediction models
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Figure 4. Comparison between Lasso-GA-SVR predicted values and true values
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