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Abstract

According to the latest data and trend analysis, China’s carbon emissions have been in a situation
of continuous growth, and although the Chinese government has taken a series of measures to
promote clean energy, strengthen energy efficiency, and promote the construction of carbon
trading market to achieve energy conservation and emission reduction, China’s carbon emissions
still face many problems. Therefore, in this paper, based on 1551 daily frequency data from Janu-
ary 2019 to March 2023, we compare and analyze the prediction effect of different models for
carbon emission data using SARIMA, LSTM and SVR models considering the trend of time series,
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and the results show that SARIMA model has better prediction effect than the remaining two mod-
els for carbon emission data.
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R ACF PACF
TS o
ARE) UL ) p W
I
MA@ qpRER (n§g§£%@)
QI SR T o R T T
ARMA(p. @ UL SR ) ULATH SR )

AIC =2k —2In(L)
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Figure 1. Schematic diagram of LSTM neural network
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3.3. XHFMEEMEYT SVR
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Figure 2. The trend change of national carbon emission data from January 2019 to March 2019
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Figure 3. Overall design framework of carbon emission research
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Table 2. Results of unit root test of sequence X;
= 2. FH X BB ARG AR

ADF i 4t i BAl piE 1%7KF 1 [ FHE 5%/KF IR FE  10%7KF R [l FHE
~4.78 0.00 ~3.43 ~2.86 ~2.57
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Figure 4. Moving average and standard deviation of sequence X,
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/NS B A ) B AR Z30E  FI A python T AT AL S L2408 SARIMA(2, 0, 2) % (0, 0, 1, 90).
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Figure 5. ACF and PACF plots of time series
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AT T T tensorflow.keras HESE, A5 4 LSTM AT Fhae g AR, RORUR ] f i i 5 K, il
) LSTM MEBRGESH AR E I T : 1 EZMAE. 2 2 LSTM iU UL Z4E R, bRk
k)22 Hh BB 22 TOHCE 50 0] 64 RN 32 AR Adam At Ah 01k SR AR Ok R B 75 12 25 (MSE) 1 el
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Figure 6. Trend chart of the number of iterations and loss function
B 6. R SIRRRBMNTLETEE
Layer (type) Output Shape Param #
lstm (LSTM) (None, 90, 64) 16896
1stm 1 (LSTM) (None, 32) 12416
dense (Dense) (None, 2) 66
dense_1 (Dense) (None, 1) 3
Total params: 29,381
Trainable params: 29,381
Non-trainable params: 0
Figure 7. Final parameters of LSTM neural network model
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43.1. TMEER

FIRINGESMRER R 5 L], IF BT L EFE A S5, SARIMA, LSTM. SVR =M
AUKGAE 2019 4F 1 H & 2022 4 3 H MIBHEEAR I 28 Bk Tl &, BEETE 2022 45 4 H %2 2023 423 H
AR HE IR A _E R AT T o A5 TR F TH AR A0 Pl 8 BT, 35 3 B2 T Bt 10 R BB HE S b a5
AN TR () TR0 6 LA 50 . AT 8 AT SVR BRI (1 T AR A AT 8E %2, LSTM Rl SARIMA R85t -F-
DA ) T SR AR G e, AN 3 TR P Ak /0 T T 1, SARIMA B 8L f)~F- 5 A R % 0 101.292,
AR H A P A RO UR ZE TN (R, B HE A F A AT A1 SARIMA RE7Y BLAS 58 47 fr 0L 45 IO 28051

Actual

38000 - —— SVR—predict
\ —— LSTM—predict
——— SARIMA—predict
« 36000 P

0 50 100 150 200 250 300 350
The number of test data
Figure 8. Comparison of carbon emission prediction results of different model test sets
& 8. TREIMRBLMIN S ik HE 2 FUNILE R AT EE

Table 3. Comparison of experimental relative errors of predicted values of the test set in the last 10 days
#* 3. /5 10 B E UM ERT b SRR IR 2=

SARIMA %! LSTM Ak 7Y SVR 17
TR R TR R TR R

I ] HSH

2023-3-22 32258.385 31833.436 —424.948 32111.883 —105.035 30158.913 —2099.472
2023-3-23 32119.902 32197.503 77.601 32589.463 464.778 30129.364 —1990.538
2023-3-24 32801.516 32120.169 —681.347 32274.021 —523.786 30327.631 —2473.885
2023-3-25 32746.971 33041.252 294.281 33176.867 359.064 30442.507 —2304.464
2023-3-26 32217.604 32703.437 485.833 32864.040 573.286 30380.413 —1837.191
2023-3-27 31969.388 32178.065 208.677 32268.588 292.755 30291.142 —1678.246
2023-3-28 31718.473 31715.898 —2.575 3216.275 456.209 30511.235 —1207.238
2023-3-29 31172.849 31772.034 599.185 31946.121 773.272 30447.653 —725.196
2023-3-30 31275.943 30682.072 —593.871 31910.61 117.043 30377.565 —898.378
2023-3-31 30284.347 31334.436 1050.089 31581.252 1342.989 31001.128 716.781

PR 101.292 375.0575 —1449.783
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N TR A ELAA S b e A R ] ) SN Rk R, WE ST A R b ik T S 4 R 2= (MAE) . B R R =
(RMSE) DA K H1 52 25RO AL (I d b, BT B TUINME 5 B SHE 2 MAAERI 2 5. B8R0 B AT
HAXN:

MAE =235, -y
Nz

RMSE = [3"(§, -’

R? _1— >(vi-%)
Zin:l(yi _7)2
Horb, oy, NESHE: § O RTUIME: Y OIRERME: n AREADNEL
BT DB PPN AR AR AN [FASE 2 (R TIORS BEREAT 2 b, A3 RIS R 4 Fizs. SVR BEAY T & R AH %
%%, MAE. RMSE 85 #05z2 K T H AR TS B, R? 1A 0.829 AHXT /N . SARIMA %! 5 LSTM
BRRLLEFRMAS B _EARZE RN, EARSRE, SARIMA BRI RZ A 0.912, HEAYELA 5 4 i T R R,
TR R ZE B /N

Table 4. Comparison of prediction accuracy of different models

F+ 4. NEMRBUETUNFE T

EG=Lin SARIMA LSTM SVR

MAE 479.89 489.79 883.82

RMSE 835.24 853.47 1161.21
R? 0.912 0.908 0.829

5. 458

A Python #4456t 2019 4F 1 H & 2023 4 3 H 4 E b HE i seis ¥, 78 2% 8 IR ) e 51 A
Fa e 3R B, 2B T SARIMA B, LSTM AL K2 SVR #7, FIH MAE. RMSE LK R?
ZAMERR A EC A AT T AN RIS (R TR B . 45 R R SARIMA R A T BAG e 34 R i HE s S 4
P FL A A T RCR, T SVR SR B HE T 0L A P R A 1 A K 2%
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