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Abstract

Accurate traffic flow forecasting not only helps to improve traffic conditions, but also facilitates
the development of intelligent transportation systems. Most current forecasting methods do not
make full use of the potential function property of time series for prediction. To address this
problem, a traffic flow prediction model based on Wavelet Threshold Denoising and Functional
Principal Components Analysis (WTD-FPCA) is proposed in this paper. The proposed model is va-
lidated using a real traffic dataset in Guiyang, China, and the Root Mean Square Error (RMSE),
Mean Absolute Percentage Error (MAPE) and Mean Square Error (MSE) are used to evaluate the
prediction performance of the WTD-FPCA model. For the prediction performance comparison, we
considered Seasonal Autoregressive Integrated Moving Average (SARIMA), Long Short-Term Memo-
ry (LSTM) network, Recurrent Neural Network (RNN) and Gate Recurrent Unit (GRU). The predic-
tion results show that the WTD-FPCA model has the best prediction performance.

Keywords

Traffic Flow Prediction, Wavelet Threshold Denoising, Functional Data Analysis, Functional
Principal Components Analysis

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

TERBEASE RGN R R, AT & T — AN SO LA I R, DR R B A8 4R B i) 5 i) A A%
PR L] o VHERAG P S I JAT T P LA OA A8 30 A B 1) 1) A L P A B T 5 IR N AT SR RS HE ]
FEMHATERZ, AT HEm AT IR, X 28 N eI i R e T ALk SB[ 2] .

BT AR BN ARE AL DA E RIS AR FIAS 0] 000 A PR B DR 32, {79 58 3 I Fo0 00 P s FE T
Il — 5 Bk ik . BAEA R SR e A S P TR b0 STHR[3] I (158 3E Ui & U SCHREAT 1 43 2K
AGrAr, I HAA 7 ASE AT T o (R AF S 55 U SO0 B Be 22l R ok . 2 ZEMKRE, il
PRI FEBAT T ARKRIERE . MR IR R, S IB i PN AR AN 5 3 K mT LAy 2. 228t
HITEAIE TR FE 2 S (. BT ASE Gt TiE ML S LA 22 ) 07k . it ikl M g
— N AR RS ) G AR AT B . B BA AR TERA 24 B [R5 31 2 (Autoregressive  Integrated
Moving Average, ARIMA) [4]F1[7 & [ [7] )3 (Vector Autoregression, VAR) [5]. 4R, X L8777 & I T4H
MEUNEAREE, BEERIREN R, KIS EA G . BEENLE Y S ISR BR UE S, SCRF ) & B 5
(Support Vector Regression, SVR) [6]#1f LA 4k [7] )5 (Random Forest Regression, RFR) [7]55:#5 48 H FH T- 58
AT () R X BTy B A B e AR RS A R AR M R R RE ). BARIX BE T VA AE ST I T
HRIE B2 A RO AT AT 1), AR EATIE S 7 S S T A A R T S REZFEARITE LT,
KRABIER . BEERESINENRRE, N LR REA S HE A B IR T R # HE S8 7 [8]. X TH,
ARBFFANT 2] — A3 R, FEKG SR aGHm N B 24 9], A BRI MR B 5 X 5 i A
Z M4 (RNN) [10], LSTM [11]#1 GRU [12]. #RiM, SLMTEMLIL, EBAAAE . R R 2%
FE 48 SRV ) T B A B ey LA AR R R REEI) “ RRAR Y
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Figure 1. Wavelet threshold denoising process
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Figure 2. Denoised result
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Figure 4. Demonstration of how FPCA harmonics modify the mean function
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Figure 6. Partial autocorrelation of FPCA scores
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Table 1. Performance comparison of different model
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Model RMSE MAE MAPE (%)
WTD-FPCA 8.60 6.28 5.26
SARIMA 20.32 15.01 14.43
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