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Abstract

With the advancement of smart tourism, accurate forecasting of urban tourist flows has become a
critical research topic. This study takes Hangzhou as a case city and constructs a tourism flow pre-
diction framework based on digital footprints and deep learning by integrating Baidu Index key-
word search data and overnight tourist volume data from 2021 to 2024. Using Spearman correla-
tion analysis and random forest algorithms, eight keywords most closely related to tourist volume
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were selected. Based on these, a BP neural network and a multi-feature LSTM neural network model
were developed to predict tourist flows, and their performance was compared with a traditional
ARIMA model. Results show that the LSTM model achieved the best performance in terms of fitting
accuracy and trend capturing, with the lowest MAPE of 0.099, outperforming the other models. This
study demonstrates the effectiveness of integrating digital search data and deep learning algo-
rithms, and provides methodological and practical support for understanding tourist behavior and
optimizing resource allocation under the smart tourism paradigm.
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Figure 1. Daily search trend of the keyword “Hangzhou travel” on Baidu Index
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Figure 2. Heatmap of Spearman correlation coefficients for selected keywords
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Table 3. Spearman correlation coefficients of partially selected keywords
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Figure 3. Schematic diagram of the random forest algorithm
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Figure 4. Feature importance scores of all keywords based on the random forest algorithm
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Figure 5. Training diagram of the BP neural network using Custom Neural Network
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Figure 6. Structure diagram of the RNN and LSTM neural networks
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Figure 7. Tourist volume data from Hangzhou culture and tourism data online
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Figure 8. Performance and correlation analysis of BP neural network prediction model
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Figure 10. Comparison of predicted and actual values for BP neural network on training and testing sets
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Figure 11. RMSE and loss variation of the multi-feature LSTM prediction model
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Figure 12. Comparison of prediction results on training and test sets using multi-feature LSTM neural network
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Figure 13. Comparison of prediction results on the training set using the ARIMA model
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Figure 14. Comparison of prediction results from three models with actual overnight tourist volume

14.

ZMER PN R S Rk E E X PMERT L E

P o 25 FE B AHIF 78 Hb A 2 (1) AR I FH IR RE AR AP AE 22 5%, B AR FH P RMSE Al MAE #5847,
e Tk e B AR ) MAPE {5 . 7ERTSCH, SR MAPE H 4 1HEA S, R El s
*5 FiR:

Table 5. Summary table of MAPE values for different prediction models
® 5. NEFUMRELE MAPE SL2%&

LR MAPE
ARIMA Tt A5 5 0.116955624
BT AR EA BP M2 W0 445 1 25 e T A Y 0.106814971
LT FEARE) LSTM 22 o) 2 it 25 B TN A5 24 0.099464894

RS FTR R R T 7 SR IR 1K) ARIMA A5 2 A% eIk [ P 91 S50 o B o 22 MR R 22—
B REUS R A& I S B I AT T, A RAE LN R R M T R ILR . TR T A AR HOC
) K 22 R AP 22 X 265, IUDRE e 25 VK ik FR) X S ) A50afe A0 77 S B s R INAR DR N, 23 S0l A\ 21 BP 4
LML AN LSTM A28 [ 2% FhdEAT I 5o

5. &t

ASCUBCHITAWETER 5, 26T 2021~2024 i 2 BOEAN A IR BB A Bl W T — B4R
SEAAIDOA IR E < A5 I B AR FR P AR P Ao £ I 24 TN DA — A PR3, i e 7 B PO Y o 7 S B ] 28 0 5
[f], %% Spearman AHIC A M S BEHUARARE EVE PG T50E, A RERIUE 53 B AT 0 REAH R AT 2 RS
B, ERIIIINGE S FRENFER, W TR TR . BB, PRIRE SR A 7 AR
5 UM ARSE” SR AT A B A BRI 2 51 SRR, R IR R AT 08 5 SRk die /& SR 2 18 A7 48
2 R ORI -

FERR RN TG T, A3 VGRS FE T 1 BEAREH) BP P2 f 45 55 22 HFAE LSTM R j 2% T A5 1Y ,
I 5158 ARIMA BERIHBEAT 1068 HL AT o MR RUPE BEFEFR KT, LSTM AEE R 25 1A T 1% 22 (MAPE) 51K »
4 0.099, EET BP #4245 ARIMA B8, HA H R L2 s AR A aE ). FETI
TS FE . A0 I T S s 0, LSTM BRI Nk, & A FikiisFRZ 2 H&R

DOI: 10.12677/mo0s.2025.146499 317 5 1 A


https://doi.org/10.12677/mos.2025.146499

AL HSEMA R 2 T 557 . B TS SRIGAIE 1R By i s SR 2 S T iR S AT IR S A XU,
Il T T P B B R R U R SR BRI T R SRR T &

LR LEPTR, BT8Rl SRS IR R B R TN 7%, FREATIETE . SEHITE S TR Rk
TR PEFZ I X 28 3R AT 2 5 W E AT R, A5 S ARV E R A IR R s K RE T, A LI T
X i it A A AL AR EZ ], A T T TR A Rk S S T FUAS ORI iR i A 2
AR I IR RE VAl L SOEB 5 BHRIC B AT RO 1 RS, oSl B R B Rl
BEROUAS IR ST TR TR, BT 2 M BLSE a5 N A5t

ELWMEB
LA T AR S S B H TR E (STCX230250),

£ 3K
XU, BRI 22 40 AT REAE BT e —— LR BID]: [BIE 236300, 13 T A, 2016,

K HET ARIMA Fil LSTM #4828 %) A BN S50 25 A Tl 1 B A it A (0], #h S BH2ERTH, 2019, 8(7):
1291-1298.

[3] He, K., Ji, L., Wu, C.W.D. and Tso, K.F.G. (2021) Using SARIMA-CNN-LSTM Approach to Forecast Daily Tourism
Demand. Journal of Hospitality and Tourism Management, 49, 25-33. https://doi.org/10.1016/1.jhtm.2021.08.022

[4] EFS. TPl Wl TR BB AD]: (A0 30 P94 PHsemmRss, 2021,

[5] ARZLHE, RpiHE. #:T LSTM F BP #0128 W 4% (7K B N EEAR A A K S 7500 B 3 8 [J/OL). 7K 32 1-8.
https://doi.org/10.19797/j.cnki.1000-0852. 20230413, 2024-05-14.

[6] MRk, T LSTM &4 AIH AU REIRR 4245 E TN D): [+ A0 ). B Wb K2, 2024,

[7]  Z5il, BRZRJE, BR¥S. 2T E B0 ik 5 X 48 25 (M OCVE B I 18] A S LT IR [T]. i3 5 sh 35 RRL2E,
2008(6): 102-107.

[8] fEik, FEAEE. T W43 R AR 09 1 P ik i & i 2 N 58 —— BA6 5 17 [ Y il 25 3 2 9 (0], 489% 1)t
WE, 2014(4): 67-73.

[9]1 RAR, B4H. T MG REIEEE RS TR, (HEVLRSNA, 2018, 27(7): 199-204.
[10] FBER, Dmese. T IR BUE =W iR N 4 S R 7S], iRiiFIe R, 2017, 10(5): 102-115.

[11] RS, BT, RS hd NSRRI BRI XA ). HEALEAR S KE, 2022, 32(7): 155-
160.

W

—_— —
N =
—_

DOI: 10.12677/mo0s.2025.146499 318 5 1 A


https://doi.org/10.12677/mos.2025.146499
https://doi.org/10.1016/j.jhtm.2021.08.022
https://doi.org/10.19797/j.cnki.1000-0852.%2020230413

	基于数字足迹与深度学习的城市旅游流量预测
	摘  要
	关键词
	Urban Tourism Flow Forecasting Based on Digital Footprints and Deep Learning
	Abstract
	Keywords
	1. 引言
	2. 网络搜索关键词的选择
	2.1. 基于Spearman系数的网络搜索关键词择优
	2.2. 基于随机森林的关键词重要性估计

	3. 基于网络搜索数据的游客量预测模型
	3.1. 游客量BP神经网络预测模型
	3.1.1. BP神经网络介绍
	3.1.2. BP神经网络的计算原理与步骤
	3.1.3. BP神经网络预测模型的实现

	3.2. 游客量LSTM神经网络预测模型
	3.2.1. LSTM神经网络介绍
	3.2.2. 多特征LSTM神经网络预测模型的实现


	4. 模型结果与分析
	4.1. 数据来源
	4.2. BP神经网络预测结果
	4.3. LSTM神经网络预测结果
	4.4. 预测结果对比
	4.5. 预测误差对比

	5. 结论
	基金项目
	参考文献

