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Abstract

In order to improve the accuracy of civil aviation passenger traffic prediction, this paper, based on
the civil aviation passenger traffic data of recent 18 years, builds the ultimate gradient lift tree
XGBoost prediction model, conducts multi-feature analysis, processes major factors such as sea-
sons and holidays, and compares it with the SVR model. By comparing the prediction curves, it
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shows that SVR model can find the optimal hyperplane to fit the data in the high-dimensional
space, and XGBoost model is suitable for complex nonlinear relationship modeling. The experi-
mental results show that compared with SVR vector regression model, linear model and random
forest model, XGBoost prediction model is more accurate and sensitive to influencing factors.
XGBoost model has higher Rz and lower MSE, which can improve the forecast accuracy and stabil-
ity of civil aviation passenger volume more effectively, and provide an important reference for the
development of air transport production plan and air transport industry.
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Figure 1. SVR model structure diagram
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Table 1. Monthly data of domestic civil aviation passenger volume from 2005 to 2024

# 1. ENRMZBIEE 2005~2024 4 A EFHiE

A 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
1 1500 1748 1941 2267 2567 2567 3058 3246 3736 4393 4647 4647 4401 3004 2942 3977
2 1502 1702 2025 2163 2349 2787 3109 3493 3898 4279 4843 5341 729 2386 3121 4320
3 1581 1800 2173 2282 2503 2878 3025 3670 3894 4431 5140 5341 1664 4768 1527 4569
4 1659 1883 2157 2437 2605 2849 3142 3579 4000 4402 5074 5341 2573 5091 1197 5000
5 1536 2264 2600 2758 3071 3476 3730 4165 4642 5046 5657 5930 4598 2227 2189 5170
6 1417 1771 2185 2325 2530 2865 3061 3404 3800 4374 4938 5341 3060 4116 2189 5312
7 1718 2103 2547 2660 2995 3266 3580 3915 4353 4860 5378 5930 3894 4899 3385 6243
8 1596 2264 2660 2758 3071 3476 3730 4165 4642 5046 5657 5930 4598 2227 3213 6396
9 1641 1931 2260 2501 2744 3049 3315 3672 4169 4655 5029 5930 4775 3599 1989 5349
10 1834 2171 2448 2638 2829 3165 3488 3855 4374 4883 5408 5930 5014 3875 1572 5605
11 1700 1958 2078 2371 2584 2851 3240 3498 3971 4646 5006 5930 4425 2142 1234 4899
12 1567 1875 2103 2300 2563 2793 3193 3500 4041 4666 5018 5930 4216 2698 1841 5059
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Figure 2. Flowchart for building the XGBoost model
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Figure 3. Time series chart of raw data on civil aviation passenger volume from 2005 to 2023
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Figure 4. Visualization of feature importance
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Figure 5. Cross validation
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Figure 6. Parameter learning curve
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Figure 7. Variance and generalization error
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Figure 8. XGBoost model prediction diagram
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Figure 9. SVR model construction process diagram
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Figure 10. Stability test of passenger volume
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Figure 12. Observation of gamma parameters in SVR model
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Table 2. Comparison of model prediction error results
= 2. {RBFUNEERIREITEE

TR AR RMSE MAE MAPE (%)
XGBoost f5 7 0.97 0.89 8.36%

SVR #i8 0.99 0.97 8.74%
BEHL AR AR Y 1.06 1.39 11.73%
AR e AR Y 1.36 1.49 25.74%
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Figure 14. Error in prediction results of each model
14, BRBFUNERIRE

AR EAE ] XGBoost A5 7 fifi i I 8] 7 51 8 i) A2 48, SVR AR AR A AR R R RLER W] LUR G
(1) AL B A 2 i) R AN R P ) AL

4, &5ig

HLAS 5 ST HORAE I 18] e 50 T 5 1 AT T O B R e 5 Bl N o 30 BB 25 32 e 1] e 81 K
X AT AT AL B S, K% XGBoost 7Y, SVR MY, H RN [a] 57 4145 AL X B AT 22 1) 25 i B kAT
T . 5 HARBARA L, XGBoost #AAT SVR # M BATIE SR Fe . ZALRE IR E Al R
fil iz BN TAE B SR, oA U 2R VE R BOR &, IR A XGBoost #74AT SVR 57 fig
B R R R SRR i B[R REAT 0 b, K R ST A S B i SRR A . SR T
I 18] PP 5 R AL A IS AT, )P LU T, 48 MECT SVR BLAL, XGBoost fMH Efe RHL
SRR 75 F A L, XGBoost AL 2 3] 5 T i} 8]y 51 6 70 07 T SE 90T, SEIe 4 (0 Fot i 20 R
i/

E ST H
SRR AR 42 (XSB2024-009) + 441 H (QJ2023-037).

DOI: 10.12677/aam.2024.138363 3824 N H it e


https://doi.org/10.12677/aam.2024.138363

S 3k

[1] SRR, T, o, 5. i)yt B # 6fmr OISR A0S LU U [0]. IXaifit By, 2024(1): 14-15.

[2]1 TFEE. R 52EEEE TR0 LA K& S s [D]: [ 12000 3C]. 76 & YL IH4 K5, 2021,

[3] dxEHIk, SE#6 JET EMD-CNN-LSTM BEAY ks Kz s s A [)]. B6EEin5 40, 2023, 45(12): 65-73.

[4] x4, &M, A&, % 2T PSO-CNN-XGBoost 7K T AT 5 25U (A R T[], f= T %4k,2024, 45(5): 1602-
1612.

(5] RASRH, GRS, TRUE, 45 BT SSA-XGBoost B T IT R MBI §M LB SIFK, 2024, 44(2):
89-95.

[6] %é%(, )35%)&%, fedkar, 5. FET WOA-XGBoost IR T I 5 A6 28 B TN AR B [3]. HEREMLAR T 72 4%,
2024(1): 1-8.

[71 ZsthE. 2T GWO-XGBoost 1 ki 7K K BT S B il B0 (0], Tolkak Ab3, 2024, 44(1): 184-190.

[8] RW¥s, BRI, XIEEE ZET SSA-SVR ALY [ Py B RE IR TR 24 & FON A 7C[3]. IR Tk & 50 AfE Bk,
2023, 13(9): 290-293.

[91 #EEsHl, FEmeE, XIPERK, 25 3T SVR 5 BP ML ML (/K LA LI T 7K FE 53T REVE, 2024, 38(1): 71-74.

[10] #%3%, SKENEN. 2T ISOA-SVR HEHRY FJE MM 245 B TN I]. THEMNL RS %1, 2024, 45(1): 168-176.

[11] 25, B, 2eeig. 2T HW-EEMD-SVM AR ST &2 s T[], Bum&brit 7t, 2023, 14(2): 189-204.

[12] BXE. —FPEET ARIMA FI LSTM B RUIR AT R & AR L[], TN S B R4k, 2020(11): 65-69+76.

[13] #%5E, FHRRE, XTI, 2T XGBoost MR ML CHLAKSNHLIERES I R[], TN &= 5 #1H], 2023,

31(6): 46-52.

DOI: 10.12677/aam.2024.138363 3825 N H it e


https://doi.org/10.12677/aam.2024.138363

	基于机器学习的民航客运量预测方法研究
	摘  要
	关键词
	Research on Civil Aviation Passenger Volume Forecasting Method Based on Machine Learning
	Abstract
	Keywords
	1. 引言
	2. 模型原理
	2.1. XGBoost模型概述
	2.2. SVR神经网络建模原理

	3. 构建模型与预测分析
	3.1. 数据来源
	3.2. 构建XGBoost模型
	3.2.1. 建模步骤
	3.2.2. 数据展示
	3.2.3. 特征可视化
	3.2.4 模型的预测

	3.3. 构建SVR模型
	3.3.1. 建模步骤
	3.3.2. 数据预处理
	3.3.3. 模型的训练
	3.3.4. 模型的预测

	3.4. 预测结果对比分析

	4. 结论
	基金项目
	参考文献

