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Evaluation of Pentad-Scale Prediction Skill of the Fengshun Model for

Midsummer Temperature over China

LIU Junjie"? LUB0*** LIHao® CHEN Lei® ZHONG Xiaohui®
ZHOU Chenguang®*® HU Jiahui*®* WU Jie*  ZHAO Chunyan®®
XIN Yuhang® ZHAO Yang®>® QIAN Qifeng®"
1 Anhui Climate Center, Hefei 230031
2 Anhui Key Laboratory of Atmospheric Science and Satellite Remote Sensing, Anhui Meteorological Administration, Hefei 230031
3 Hebei Key Laboratory of Meteorological Artificial Intelligence, Xiong'an Institute of Meteorological Artificial Intelligence, Beijing Xiong'an 070001
4 State Key Laboratory of Climate System Prediction and Risk Management, National Climate Centre,, Beijing 100081
5 CMA Key Laboratory for Climate Prediction Studies, National Climate Centre, , Beijing 100081
6 Artificial Intelligence Innovation and Incubation Institute of Fudan University, Shanghai 201203
7 Shanghai Academy of Artificial Intelligence for Science, Shanghai 201203
8 Xinjiang Climate Center, Urumgi 830002, China
9 School of Atmospheric Sciences, Nanjing University of Information Science and Technology, Nanjing 210044
10 CMA Training Center, Beijing 100081
11 Zhejiang Institute of Meteorological Sciences, Hangzhou 310000
Abstract: Using hindcast datasets from the Fengshun model and the S2S-ECMWF model during 20172021,
together with CMA-RA1.0 and NCEP reanalyses and station observations, the pentad-scale prediction skill for
midsummer (July—August) temperature over China is evaluated. Three metrics of temporal anomaly correlation
coefficient (TCC), spatial anomaly correlation coefficient (ACC), and integrated prediction score (IPS) are
adopted. The verification results based on different reference datasets are generally consistent, demonstrating
good robustness. Overall, the Fengshun model shows superior prediction skill compared to the S2S-ECMWF
model, with TCC, ACC, and IPS values improved by 7.9%, 18.4%, and 1.5%, respectively. Spatially, the
Fengshun model exhibits higher TCC skill in the Huang-Huai, Jiang-Huai, Central China, South China, East
China, and Xinjiang regions, while showing relatively weaker skill in Northeast China, Inner Mongolia, the
Qinghai-Xizang Plateau, and Southwest China. Temporally, the Fengshun model demonstrates superior
prediction skill at 1-pentad and 4-8-pentad leads, with the highest skill at a 6-pentad lead (improvements of

42%, 260%, and 4.5% in TCC, ACC, and IPS, respectively), indicating an extended predictability window. This



advantage is primarily attributed to the Fengshun model's better representation of 500 hPa geopotential height
anomalies over key circulation regions in mid-latitude Asia. However, prediction skill is relatively weak at
2-pentad—3-pentad leads, likely due to the decay of initial atmospheric signals and insufficient influence from
underlying surface information. Future improvements will focus on incorporating multi-layer surface
information to further enhance forecast performance.
Key words: Fengshun model, prediction skill, midsummer temperature, pentad-scale
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Fig.1 Spatial distribution of the average TCC from (a) Fengshun and (b) S2S-ECMWF models for the 12 evaluation pentads in
midsummer (lead time 1-8 pentads) during 2017-2021, and (c) their difference
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Fig.2 Comparison of average TCC from the Fengshun and S2S-ECMWF models for China's midsummer at different forecast

lead pentads during 2017-2021
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Fig.3 Multi-year average ACC of the Fengshun model for different forecast initial times in each evaluation pentad during

China's midsummer in 2017-2021
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Fig.6 Comparison of spatially average ACC between the Fengshun and S2S-ECMWF models for different forecast lead pentads

during China's midsummer in 2017-2021
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Fig.7 Multi-year average improvement rate of IPS for the Fengshun model relative to the S2S-ECMWF model for different
forecast initial times in each evaluation pentad during China's midsummer in 2017-2021
Kl 8 79 2017—2021 47 JAUIGIAT S2S-ECMWE A58 A [ e Aok (1) [ g 5 2 45124 TPS XS L, T LA 31,
JRUIGTASE RS AT 1 BT 4~8 (g SR ) T X5 35 e T S2S-ECMWF A, AT 2 M8 A0-F1 IPS 55 S2S-ECMWF
BEAAH L, AT 3 MG T S2S-ECMWE Ao Al 1 AN 6 D4R 1K) IPS % S2S-ECMWF A543 #2711 7. 8%

F1 4. 5%

S AR S2S-EMIF R VIR B —— S25-ECINFIRRE
L] A — RURRE %

& 3
BEEREITS

X FS2S-ECMF R AR FH 3/ %
g

Lead-1 Lead-2 Lead-3 Lead-4 Lead-5 Lead—6 Lead-7 Lead-8
ERTEIRIRR

VE: RER 9 RUIBRE ARG T 2S-ECMWF A=K 42 7%
K8 2017—2021 4 XI5 S2S-ECMWE A% 5A ] i #f fig ) o [ e B %2 4~ 12 TPS X bt
Fig.8 Comparison of multi-year average IPS between the Fengshun and S2S-ECMWF models for different forecast lead pentads

during China's midsummer in 2017-2021
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Fig.9 Composite 500 hPa geopotential height anomalies for summers with (a) above-normal and (b) below-normal temperatures
over China since the 1980s, and (c) paired t-test significance distribution of the difference
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Fig.10 Spatial distribution of TCC for 500 hPa geopotential height anomalies over the Eurasian Region at 6-pentad lead time
from (a) Fengshun model and (b) S2S-ECMWF model, and (c) their difference in 2017-2021
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