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Research on pollen concentration prediction technology in Beijing based on the fusion of machine learning and time series
algorithms. DENG Tian-feng!, LI Zi-ming”, ZHANG Shao-bo'”, SUN Zhao-bin® (1.Chengdu Plain Urban Meteorology and
Environment Observation and Research Station of Sichuan Province, Sichuan Provincial Engineering Research Center for
Meteorological Disaster Prediction and Early Warning, Plateau Atmosphere and Environment Key Laboratory of Sichuan Province,
School of Atmospheric Sciences, Chengdu University of Information Technology, Chengdu 610225, China; 2.Beijing Meteorological
Station, Beijing 100089, China; 3.Center for Meteorological Impact and Risk Research, Chinese Academy of Meteorological
Sciences, Beijing 100081, China). China Environmental Science, 2025,45(11): 6007~6019

Abstract: In this paper, a time-series simulation prediction study of pollen concentration in Shunyi District, Beijing, China, for the
period of 2018~2024 was carried out based on machine learning and time-series algorithms. The study integrates traditional
statistical models, machine learning models and deep learning models, and introduces 36 meteorological elements and their variables
as covariates to improve the prediction accuracy. The results show that AutoGluon-TimeSeries (AG-TS) significantly reduces the risk
of overfitting through model integration, and performs well in short-term prediction (1day), with DLinear model having the best
overall performance with R=0.68 and RMSE=206.5. In contrast, some models overestimated or underestimated the predictions. It
was found that the pollen concentration showed double peaks in spring (March~May) and fall (August~October), and the correlation
with meteorological variables reflected the complex effects of meteorological conditions and vegetation phenology. In addition, the
modeling performance declined with the extension of prediction time, e.g., the R-value of DLinear decreased by 18% and the RMSE
increased by 15% in the 3-day prediction. By eliminating the inefficient models and optimizing the remaining models, the direction
of model optimization and scientific support for pollen allergy early warning were provided.
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AE Rk o 24 36 AR s H 28 AR 4
5 LA Z(WHO) I ZE T, B BRYY 30% A\ 125
PR S A R A B R I B A A
o R i S T e bR O RARL A 45 R AR A A Tk
JFEAE I 25 73 A b 5 DY R e 2y, 5 B0 Bk o
R LT AL 5T Ay 481 B A e BE R,
AL B e S RN i P XS St 225 7 1 E A [R) 42 4

VR A O PR R 050 i R
AN 25 | R S ZE o G5 B9 S5 SRR, K T Ak 2%
F& 10 V] A T BN REIR N BERR RS LA AN
Wis HER: 2025-04-09

BEE&WMB: P ESZ RO KRS IE S I0UH (CXFZ20251074); 65T
AEJREFHEAHTAIA(CXTD202506)

*ORATAE#, M TR, lyctzel986@gmail.com; ** R # %,
zsb@cuit.edu.cn




6008 LR 7 A & I 45 %

ThEE T B8 AR i b A 1 B RS B T DA R
(BB 2B 7= ) R R R S A V2R B T 4 10 12
T0 N R TV D], S 7 A VAR 8 T A R AR
AN A2 A5 M ) 1) e A 75 S, B R A 3 T A A B o
R SE AT 55

[l G640 0 TR, [l P9 427 5 LR R 2 R 5i
B FEALS S Tk ML S B S AR
G L R EIE T G B, an 22 Jo Rl A | )R8 43
BT TR 3 Bl 340 56 M 1 s ek s -4
B GIRZ AT 0. A5 40, 22 TG [R1 U AT DU A HAs
TR P 5573 5 A (1 6 R VO (B% VR A b PR
FELE i A7 70 W) R R YL AR ARIMA. 2511
D715 B B I Mo A 4 ek [B) L (R AR =T PR AR 4k,
(e R RSP AR 1) 3 410 1 s L 156 0 A B, L X DAIE
I 5% e MR % AR A L R e SRS A 47 VEAE R I
FUH A T DR O B R R B Y fE ) AN AR, I W
Bl 5 St A L 2 S A AE AR X T VR AR

AR NS 2 TR R P P A T 2%
BERE . 588001 7 140 B WLEs 27 3 5 1 et S 4T
A . ARER PR RN AT A8 L A $ v TR
RS g, SRR EHL(SVM). BEHLARARRF). o
Bl B TH(XGBoost) A28 [ 25 (ANN) 251559
BTz R T Aek A 5T b RE 72 i A
ZA R E R T TR e M, A 2 T 5T R IR
HHY R v (1 YR P T O B 2 ) D0, LA AR 6 A 4%
(CNN) R JH I 12 9 24 (LS TMY), 78 A L Iy £ 4
R 2O HH 5 R P A A ) R 1) 2 LSTM A6 K H3 ) i)
M AR T HAT AR A T AE AR VA T
BGOSR T LS 2 ST T I A 7 SRR T
FEREVEAIG, VISR R i A Pk, FLAE R o ds i
SRR R A Z AL DA R 2E.

BUEBIE T — 25 AR P00 (1) g v, 32 42
ALFEY)HE A 24 T REAR TR RN RS AL S T B (A X
DTV B R IR AL RN IL R, 85 5
ZAES (U WRF-Chem. RegCM-—pollen), i] AZE#E A
25 1) R 3Rt 2 e gt o A E G LA
27 )5 B A A R 05 B L MR IR AR TR R ) 4 B
AR IR, L AR I T R AR T 1% T VA
RS R NS EL (AR R TR . I, BRIKES)
o S BB, VR A v s, S L RN ) ROBE b F
5 1o AR s PO DR ke 7 S o I P R B9 N B o e

A S ML 2 S TR o, AR AL T 14 e
T AR VA B ELA (A IsF TR A o M 0 2
E A SO T AL T XL 7a(2018~2024) 1 1E
A7 DU A FH A= 5 A A P R ) 1) 00 A5 28 >
TR T J5E , IR 80 77 470 F50 00 ASE 750 7 Ak 2 B A0 £
I AT R AR 34, TR Ok e T DL e 2 ) i (1 i )
AL 1 TG 75 T B 5 O ) e 0 R A P ) 2
Transformer {EIT4F (1) & J& 445 36 173 & JIHLHI
T0INA5E TR BE % T LT M A R K R R) 5 R 0 R R L
B 2223 BT R e T A ik 3y R SRR R0 T
RN R BRI T I L

1 EREHE

1.1 fek B

2000
41°N 1750
40.75°N 1500
40.5°N |- 1250
- g
4025°N [ 1000
i
40°N 750
39.75°N [ir & L 500
39.5°N [ L 250

115.5°E  116°E  116.5°E  117°E  117.5°E

BT RSO AR e ek i
Fig.1 Pollen monitoring station in Shunyi District, Beijing
T 5 TR R

A FCIE T b 5T S DX A Ay s (P&
1)2018~2024 “EAek =11 (3~10 AR HALKIR)E
L E i FE I, B 70 AL I O0 A DX s A YA R S0
AR HG e R W) AR T 3 04 FH AR DR AE
KRAFASRMLEH 24h KAESE WS, A0 FH B E o &2
CLY TN ARRY EAT P, FF A0 2% B 1~ AT
N T A B DR Tt A SO AR IR P 1 52
Vo3 A FEAE X R AR B AT T 7™ A% 1) T L s o1
BT B, 24 A V0 A 2107 A /(m®-d) IR, ] 38 7
99% LA I 1145 5 00 I Ko 3, s B T B 2x10°
/(o d) (R AR AR, LA 31 3% 5 5 (R ABE 2R )1 2 P T3,
N T A 5 5040 P s 2 R ] 5 ) I St e 000 e



11 14 AR A=A T AL ST RN T e 1) R A6 s XA ER ik BE T B AR T 6009

K EG MR AR L AT T 78, LLOR KRN 8] 77 41 1) 3% 45
M A B 8 T 5 1H7,2018~2022 45 1 B8k 1 1] A5
BRI 5 S EA, T 2023~2024 4F (R ECHE 4
R ST IR A, FH T PR AGASE R () T 1 e S5 vz Ak R
718 2 @R T R TR YNSRI i A H AR IR
J55 1) 1) P P s T S B T AR R B ) 2
e BRFAIE, A5 AR ZE AR = IR P A ol 25 0, 1X 5 b
T 3 BB A (WA I = )

2000 -
5
£ 1500 A
=
"‘O ]
= 1000 . . . . .
é 500 ¥ o }. . ’ i :f;
Iy e . Bk B
L u gl Ukl
ARV I IGTE IS
ISR I S A
4y
B2 2018~2024 A=Ak 5 i M SC IR AT I 2R A T (19 5 e H
AR

Fig.2 Actual daily total pollen concentration for model
training and prediction in Shunyi District, Beijing from
2018 to 2024
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Fig.3 Technical roadmap for data processing and time series
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