2026 4 5 A
BaTH B 3M

K K AR (T % W)

Journal of Zhengzhou University ( Engineering Science )

XEHS :1671-6833(2026)03-0117-09
—MEETEBZ M= MNEiREN G ix

R, 2%, BAE"

(L RIFEM TR BRI ESHE RSB (REESB), 1078 K 030024;2. 107 H FRHE 2= B, (i vg Il %
041000)

W E.ARRAFIFZEERNBRERMNEAA LS ERTIRD QG Hvn 45T s, £ 5 £ 3353 T 4
B A L RET M FZREFTRIY N ZEZMEARAERMN T &, 48, RE—FFEFHEIX—4HEE
WAERD L HIER T ik AR L HEPFHFRA X —F U ES WA RSN AER Lok B35k
RFIMBATHNEMAR LLATRAMARARNT T FHE, KRN X RKELEGNTLEASHMIE, RGBT
WREEBRS SN RGER MEREOFNER, EERARZABESFATESERBELATHEREAYN.
Lgiteg R AR AHSTGNN A8k iR ER EE XA R Z KB EFTE S B HESL L6 MAE 53 EKT 0.9 F=

May 2026
Vol.47 No.3

24.35 RMSE % R MAK T 1.81 A= 58. 25, %80 T i 5 £ a9 A7 2 bk

KB . MLASTTN,; THE,; TRIFIE, HERM%,
doi:10. 13705/j. issn. 1671-6833. 2025. 06. 007

RE 4SS, TN929. 53;TP183 X HERARERD : A

Wit 57 8 4% - R MR R ¢ i ) PR A R, R 4% I
PR P AT 09 9 52 2% 1 2 85 3800, X 45 1) 4 4 B A
IR A ECA R T IR PR T X H 2% & 2% i
2RI R 55 4R A R R A5 AR R fifp R T 5 R 1 £ I
55 A O 5 A2 ORI 2 A e T A i
PR iX A~ P AR Y S B RS 22— o I 45 3L R A UAE
PP i) b 5 B Y v R A R S ) s AL e T
T ¥ Bl R T 52 e AR S A A B A A
FAAEAS TAVAROGHE o PRI, 0 7 o G T2 1 B s ) 445
A U0 A 5 X T i 55 % Ak g R EE R L

P 2 [0 24 3L B 000 011 5 3 22 PR, Feeb ey
X A 23 P9 245 3 ek A 0 4 R AT AR B, O A R
N0 P O 245 e AR O M ik %) I R AR 2 LA
TARR B BB AR SCER A ] AR 1SR 5 g S %
T 0 0] AT 4307, R BB 5 s S i e | -
Jil B2 i R Hh b o A AR AR I R A 28X A T iR H
R B RS . 2 U B bR i BES 3 5 225 i B
FAAE AR H /AR AR H 28 3w (2 500736 51 A ) J5 39
VRS S 227 e PR L P O R A

7 B 89 :2025-11-11;1&1T H 5 :2025-12-20

RIEF ]

H AR ) K 2R L), 52 B s e 5 0 ik B
R T I, 1l 1 T A5 RN 2 9 S B R A 1T
ACEBETTEWM T . Q4 H T PHSTNN ( pre_
holiday spatial temporal neural network ) £ %! 531 T
— P2 8T B H B D o i A KON A2 T ¥ Pre_Holi-
day , HERR M H X — FEAE 19 T4, 3 AN Pre_Holiday
7 A B D sk B v 2 o] ) 4% O B9 I S AR
NCTIT AR A 2 F5T 00 614 1) 246 37 e {5 ()7 L 52 9 246 i
Bt gk L S R W, A SCREAY PHSTNN A T 24 iy
Ve S kB [R) 26 07 12 STk AR SO0 1 A R

1 HExXTIIE

HRT, SR PR B 27 2] 77 36 R iR AT I 23 9 2% i it
TR, 5 P A0 A 28 0 28 40 35 406 21 4 28 R 28 (recur-
rent neural network , RNN)  #:fH il 22 ) 2% ( convolu-
tional neural network , CNN) | & 1 22 & Z& ( graph neu-
ral network , GNN) DA S B AT A A5 44, 7 $2 BB [1] ¢
fiEJ5 T, RNN 2 B8 4l 42 /7 51) i 77 45 1 {5 4k DA O 47
oo N TSI IFAT AR ), — 4k CNN W3 H]

HEE&WB . IhHE AR A4 R BITH (202303021211052;202203021221234)
EERA R KL (1999— ), L, 1h 7533 3 A, KSR B Tk 22 80 4 AF 9% 2F, 38 25\ 35 M0 4% i o 1000 F 9%, E-mail

13753952918@ 163. com,

BEEE BOFIE (1970— ) 55 i vq S0 A, R B TR 2 Bz, b, BN P SO fF B 3] HRE 35 BT 5T, E-mail ;

851074365@ qq. com,

Sl A AT iR, 2B BRI . — R 25 B R H 5 e 0 B 2 D 4% 3 e T ik (0] KRN KSR (T 2R R L2026,
47(3):117-125. (WU X R, LI A P, DUAN L G. A spatial-temporal network traffic prediction method considering
the impact of holidays[ J]. Journal of Zhengzhou University ( Engineering Science) ,2026, 47(3) :117-125.)



118 PSP PN i 3 - S QRIS )

2026 4F

T ) AT LS O AT AR AR B IR A )RR AE
T, CNN AGE F T H A 00 25 4 A 5080, TG ok v
AR A RIS . T JLAE  GNN )32 H F 1
FE WKL AT 23 ()3 i, IR H: 5 A ] 8 i (1) 458 284 A4
S DA S BN 25 it T

SR, BEA T ARG H AT ST 45 G A () Y IR B 2
>J 75 ¥ R B A b R A5 0 2% Ui 1) AR AL T X A AR A
5 T R A B A O B T s s R BE S AR A
AT A TR, B 1 2 Fh s 8o 19 A= il oy
. 2019 4F  Wu %I T Graph WaveNet, i iof
T8 2 B 1 75k A I ) g 2% 3 e e HG K4 B T
— BT TR I 44, (H 2 2 g 3 OR O 1 I 4%
UL A2 T B P 48 U i S 2R, 2023 4, Wang
PR T — Rl A 3 R TR A IR A P 28 9 4% (adap-
tive hybrid spatial-temporal graph neural network, AH-
STGNN) ,iZJ7 ¥ AT 5 F0I0 48 X 1z 14 ] 391 44
s, w45 R A B2 2O0rE R F R R H H R
AR R M), I ) 3 26 J] 303 4 5080 O AN J2 4 R 5 1
DO AR DG B, S BOIM AR R - B i 7 T R
SR T PN RE

2 ERENX

Sy e A AT T AT DX R D) 48 i o, A SO —
AT A Bl DI R 43 XY SR T S Y A X
B, A — A DX S — A5, Il T 45 ) ok 3ROR
Do 28 T Y A R A R A TR AE DG, B Ok
i, E X — NS TLME G =(V,E,A)° vV FERY
JEA N T EE, N=XXY E FoR 1 5 22 6] i
PERA R EES 3 A e RV S0 s 22 () 1 BE B8 48 42 4
WA e RO A 3, =X (1) P

dZ
i 20_2

e o MbRiERE; d, | N1, o, ZIRI AR

TE bR SRR b &R RS G BN A
ALTERT )25 ¢ B0 90 2% 3 G WL 1 5 S L5 5 4
B, (2) PR

X, = (x/,x),- x")" e RV, (2)

L F O IR 4 06 i T R O 2 1, AR S0 LA I 4 0
AR, AR IR, W F =1,

5 b R SRS 0 6 25 10 % 3 Jak T30 1) A ] L)
SE U7 2] — A WS R KL, f g s )2 TR
F S L I e B R Ok M A BT 2B B A
B (3) R
(X, X X)) = f(X X0 X G) o (3)

A 0 BRI Rl 2 S5
3 [EESHh

3.1 TRBYE

A BN TR H AR RIS R H DL R H A
FEMRH o LRI B ORR K 22 B 4R i — X3
162013 4F 11 8, aTRVEW 5 1 REEE
TR A EE 2 KA 3 K& AR, X 3 KA M4 I i
BT TR S A TAER, X R A MEE
TR H B 25 T R RS R H X H R
it A R

FE AR B DT S Bt B, E R TR S Bl
P T A PR, AT 25 B8 R H X — R AE 45
T B Dy s B8 v A7 76 -5 3000 B8 S R G 1
BN 1R s 8 Ko TAE H E H, (0 H [ — Y
[ —mspfa] (B 1 AP A9 EE 1K) S H R L L
B RS 4 KoM TAEH B — (B[ — KA [ —
BRI L A5 3 R AR H A B, Bk, Y
3 8 B 55 T ECHE B R H R AR R [ B BT
18 T 4% i {2 BELAR K, (6 45 i A 19 JE i Fn B2
I8t T 43 A Ay I AT TIDORS B Y L, BE T b
I A B ARRAE X AR R T S O S e A A AT, AR
FE A B S O B R Bl i AR B SO
1117 e 2 25 1 B H X —FFAE

120

100
80

60

ST A

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30
I [a)/d

B1 EXB—1TANRNERE

Figure 1 Network traffic in a certain area for one month
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Figure 2 Network traffic in a certain area on a certain day
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ZEHE SR A TN ZRAE RN AE i R 43, Lol 221

HE SIS E LR TP E G IR 6 T
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5.2 XIGIFE

AR SC S 06 e FH R R A F A — Bt GeForce RTX
4080 GPU £, WAE N 16 GB, % /1| Python i &
SZPL,7E Python 3.9, Pytorch 1. 8 3355 Fizfr, #A
M Adam fEAE#F VI 2 B AG R S 5% 1 s,
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Table 1 Model parameters

HdE
ZH P BERAK  hEAW
&0 S V€T S
Blocks ~ STL Block ) 4 2 4
D B2 A 4 2 32 32
kernel_size A& FUN% K /N 2
d T AR A Y 10
23 TE B AL Y
K 4 4
St
skip_channels Bk B 1% H2 F¢1F 4k B 256 256
end_channels i W 455 AF 45 512 512
batch_size LUK 32 512
epochs AR 400 200

A SR O 4 4 X iR 25 MAE R4 7 i iR 22
RMSE 33 W F & FI A0 [ U5 4T 45 o 089 BT 8 s ok f5 c
BRI FAE S5 M s 2 Ay 22 20 HH(E S
BLSAESE W) A B 5T (BN o8 e RERL) | 15 25 /],
MAE 1 RMSE f{i /N>

MAE:iZW—yu (24)
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5.3 XLk

AR SCHY R AR N Graph WaveNet'”' Fil AHST-
GNN'®'_ Graph WaveNet [ 4= 5 50 H5 B A fe it 5
fi6 833 Gated TCN A H F 3 N7 < 4% 5 B 1) GCN
J7 1 2K 2 U 22 R AIE ; AHSTGNN 7 Graph WaveNet
Al E AT T K5 0 R AR | [ GATT At 4
Bl 25 B 25 ) A S A 2 A

2 N ROMK 22 Bt 4R A [ T AR AT
A Graph WaveNet, AHSTGNN F1 PHSTNN A} #y
MAE .RMSE 1) T 2%

F2 WHEIWER

Table 2 Comparative experimental results

. ERAMKZHESE P E AR
MAE RMSE MAE RMSE

Graph WaveNet 29.29  58.16  151.45  314.01
AHSTGNN 28.62  57.24  142.43  290.72
PHSTNN 27.72  55.43  118.08  232.47

FH 2 2 Al 41, Graph WaveNet [ %5 5 5 2%, AH-
STGNN X Z ,PHSTNN 7£ W 17 48 b1 b #FHUS T
TRIFAIZE R . Graph WaveNet H i i B & 0 4K #2548
WA Sk AR A AR AT S 1 28 TR AH DG 1 AT % B 3h A 1
23 ) RH OGPk A 28 SR 1, 53 4 i A D s ol
A B By P s B HiE, T AHSTGNN 7E Graph
WaveNet B FEAl F 37— A T 3 38 sh & 09 25 [6] 48
SN B 2% SRR 1 v TR A A A DT S A R
AT A B R B OB, IR SE 88 45 2R LG Graph
WaveNet B84 — 46 (0 2 25 A 8 D7 52 504 77
FEFB A ANAH T BB | A D7 sk 5080 1 7 15 IR
g 4T, A SCH R AL PHSTNN DU 78 A 18 D oy A
B I T B H s HERR R H X — R
THE, AR A D7 s O 5 T Y E bR EE 5
ARG, DAL ERAS T A S0 &6
5.4 HBLLIE

FIRAEAR SO PHSTNN Ff 45 B 75 %6 Ak
BORIAT DUHR , TTHEAT T IS MRS 45 32 3 i,

R3I HEXWER

Table 3 Ablation experiment results

. ERAK=EEE hEAEHAEE

MAE RMSE MAE RMSE

PHSTNN 27.72 55.43 118.08 232.47
w/o Pre_Holiday 28. 62 57.24 142.43 290. 72
w/0 SGL 28. 15 56.41 128. 14 243.29
w/0 DGL 28.51 57.05 126. 68 239.37
w/0 STHM 29.33 58.49 133. 64 255.56

Hw/o A3 “ without” , 78 #E PHSTNN ) 2 filh I 2 sl
BB

H 3¢ 3 WA, PHSTNN H 4% AN 458 B X 85, A A A2l
A — 2 MBIk, EAARR U, AR SCHR Y 2R DT s
K45 Pre_Holiday J5 i T % & T W H X —4b
R R B2 AR T TS 43 B AH G D7 sk Bl | il AT T
D25 J 3t — 25 48 Tt ; SGL 3K AT 5 a5 18] AH X B 1 =5
[E] A AP, T DGL W3R A5 1 2 o5 [ 3l 24 114 25 () A
HE P — s R b e A b B TR 4%
Uit Y A2 4 23 A M 56 v STHM 38 5 ) ] 0 2 J] 7
o7 0 i e IO 24 S () B A S 6 P ) A, 3R AR TR
O 2% 1) IO 24 7 ik B 28 R AIE | XoF i T A5E ARY 1%) 70 0 fi
B T AR BTEK
5.5 SHHBREXE

R T U6 UE AR R ) R M | XA SO e B — SE R
BSHHT S BUSYE SR TEAR L S8 %
T A A Sk B[R] 254 Ml 06 & B N K BE, AT LA
6 AR TR o e 300 A K U0 R 4% 3 e 0 A 1 B e s
5 2] B Blocks & 72 B4R AL 4 BURRAIE 19 IR B, R
TG Z2 Hemy D)2 3 515K 0% B[] 48 A0 R B 4 18 1Y
23 [VRRAE 5 22 3k T 2 JI ML 9 Sk 8 K B &, AT L2
2 B ARRXS AL ZR I ARAE . A SCEI R IX 3 D EHESH
HEATSEH 76 WA B0H 4 L B A5 SR A ik 4 iR
P % 4 ] T AR A U RN B I 6 R R 0 1
REAE AL AH XS B/ UE WA SCHY 57 PHSTNN H A —
E B R E
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Table 4 Parameter sensitivity experiment results

28 BRI > K 42 o AHEREREE SR S

MAE  RMSE MAE  RMSE
M=1 2477 50.04 || M=2 103.09 218.93
M=2 2562 51.48 || M=4 107.24 222.41
M=3  26.20 52.43 || M=6  110.08 224.52
M=4 26,78 53.33 || M=8 112.97 227.70
M=5  27.26 54.12 || M=10 115.76 230.73

M=6 27.72  55.43
Blocks=1 29.13 57.71

M=12 118.08 232.47
Blocks=2 137.85 274.30
Blocks=2 27.72  55.43 | Blocks=3 126.37 248.04
Blocks=3 27.36  54.78 | Blocks=4 118.08 232.47

K=2 28.12  56.23 K=2 119.28  234.11
K=4 27.72  55.43 K=4 118.08  232.47
K=38 27.93 55. 86 K=38 118.89  233.85

ik 22 IO 246 ik U000 o I ) o R R 2 T 4% T
i HAT 5 R B 25 R AR, R T AT b A R X — )
AR SCHRE Y — 2 T H S R Y B S R 445 i T
J5¥E PHSTNN, & 5, #8 th— A= i pr s 809 19
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A Spatial-temporal Network Traffic Prediction Method Considering the Impact of Holidays

WU Xinru', LI Aiping', DUAN Liguo'’

(1. College of Computer Science and Technology ( College of Data Science) , Taiyuan University of Technology, Taiyuan 030024, Chi-
na; 2. Shanxi University of Electronic Science and Technology, Linfen 041000, China)

Abstract.; Existing deep learning methods could not fully consider the impact of holidays when predicting network
traffic. To address this issue, based on an analysis of the influence of historical data on prediction performance, a
spatio-temporal network traffic prediction method that was proposed to account for the impact of holidays. Firstly, a
method for generating historical data that incorporates holidays as an external factor was introduced, enabling the
semantic feature of holidays within the historical data to play a role in network traffic prediction. Secondly, spatio-
temporal learning blocks were employed to capture the temporal correlations, complex spatial correlations, and spa-
tiotemporal heterogeneity of network traffic, thereby obtaining the comprehensive spatio-temporal features embedded
in the historical data. Finally, the results from multiple blocks were fused through skip connections to output the
final prediction results. Experimental results on the Milan (Italy) and Taiwan ( China) datasets demonstrated that,
compared with the recent similar model AHSTGNN, the proposed model reduced the MAE by 0.9 and 24. 35 on the
two datasets, respectively, and decreased the RMSE by 1. 81 and 58. 25, respectively. This illustrated the effec-
tiveness of the proposed approach.

Keywords: network traffic prediction; spatio-temporal data; holiday characteristics; neural network ; deep learning





