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Numerical Weather Prediction (NWP)
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Simply speaking, NWP is an initial value problem. By integrating the governing equations, we can have a time evolution from a given initial condition. In case of a flying ball, momentum equation with gravity force are considered. In case of atmosphere, it is a little more complicated because it is a fluid. But, we can decompose the fluid into a grid coordinate, and integrating a momentum equations, thermodynamic equations, conservation equations, we will have a future state of the atmosphere. The initial condition can be obtained by atmospheric observations.
 



History of the numerical weather predictions

• 1904: Vilhelm Bjerknes 
developed the primitive 
equations of the atmospheric 
motion

• 1922: Lewis Fry Richardson 
tried to integrate the primitive 
equations to predict 
European weather by manual 
computers. It takes 6 weeks 
to get weather forecast of 6 
hours later, and the results 
was unrealistic. However, it 
was the first trial of NWP and 
called “Richardson’s dream”.

Bjerknes

Richardson

A model which Richardson used, with 
the horizontal grid interval of 200km and 
5 vertical layers.

Richardson proposed a conductor 
control 64,000 calculator to make real 
time forecasting possible in a big venue.

(From JMA web site)
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Vilhelm Bjerknes in Norway first developed the primitive equations of the atmosphere in 1904. He formulated the governing equations of the atmosphere.
However, since computers did not exist at that time, it was not possible to perform numerical forecasts. Richardson conducted experiments to see if numerical forecasts could be performed using hand-cranked calculators in an era without computers.



Development of Super Computers
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This table illustrates the development of supercomputers and shows those installed at the Japan Meteorological Agency. The Y-axis shows the peak performance with the unit of flops. That is how many floating point operations can be done in a second. X-axis shows years from 1970 to 2015. The diagonal blue line shows regression line, and it shows the computational speed improved 200 times faster in 10 years. Now, the fastest computer of the world is more than 500 Peta Flops, or more than 1 Exa flops. The current ordinary personal computers are between 100G to 1T flops, and AI development PC with good GPU are more that several 10T flops.




History of super-computer and NWP system in JMA
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(From JMA web site)
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This is the history of NWP system in JMA, which has evolved alongside the advancement of supercomputers. At the very first stage, they run the northern hemisphere model, not the full global model, with 381 km resolution. They also run typhoon model and Asian model separately. Global model started operation in 1987 with 270km, and evolved into 20km. Actually, it is run in 13km resolution now. The Asian model is replaced by Japan Area model, and there are 5km Mesoscale model, and 2km local model. In 1996, ensemble forecast model were started operation to consider forecast uncertainty. Now, they have seasonal ensemble model with 110km, and medium range ensemble forecasting with 40km resolution. In Japan area model, there are Mesoscale ensemble with 5km, and local scale ensemble with 2km resolution are running.



JMA Forecast error (5day) of pressure at about 5km height 
(H at 500hPa, Northern hemisphere)

Major improvement of JMA Global forecast system

Be
tte

r
Fo

re
ca

st
 R

M
SE

 (m
)

Model

ObservationData 
Assimilation

All important to 
improve NWP

Update of the accuracy of NWP in JMA

Major improvement of JMA Global 
forecast system
Green: Model physical process, 
Black: Model dynamical frame, 
resolution, 
Purple: Data assimilation system, 
Blue: New observation data were 
assimilated

(From JMA web site)
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This figure explains the progress made in improving the forecast accuracy of the global model from 1995 to 2017. After the series of ups and downs, the situation has continued to improve after the late 2000s. I apologize for using Japanese, but some of the explanatory text is highlighted in color. They show major improvement of the global forecast system. Green text shows model physical process update, Black text show update of dynamical frame and resolution, Purple text show data assimilation system update, and Blue text show new observation data were assimilated. In this way, all these updates including model development, data assimilation system, and observation, are all important for improving the NWP.
 




Assimilated data for 
operational NWP 2007

Observation data used in JMA 
operational global analysis.
Surface, Aircraft, Microwave 
sounder, Microwave imager, 
Upper air sounding 
(radiosonde), AMV 
(atmospheric motion vector by 
geosynchronous satellites), 
scatterometer, GPS Radio 
Occultation.

(From JMA web site)
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This page introduces the observation data used for the NWP in the year of 2007. From the upper left, surface observation at the land surface and ship observation, and radiosonde or balloon observation at the weather side. The left second row is the observation by air plane. The right second row is the atmospheric motion vector. This is the estimated air motion from the tracking of the cloud image observed by a geostationally satellites. Third left is the microwave sounder, Fourth left is the microwave imager. The third right is the scatterometer which is observing surface wind vector above the ocean surface. Bottom right is the GPS radio occultation measuring the atmospheric humidity accumulations. All these data are used for assimilation on the global forecast model.




Assimilated data for operational NWP 2018

(From JMA web site)
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This figure shows same observation data used for global data assimilation, but in the year of 2018. The land surface, sea surface observation, and upper air balloon observations were not changed so much. But, other satellite observations are improved so much.
The atmospheric motion vector in the bottom left shows denser data distribution in the Pacific area. This is because Japanese Himawari satellite was upgraded in observation frequency, number of channels, and horizontal resolution, resulted in larger number of cloud movement detections. The clear sky radiance is generated through advances in the data assimilation technology. The right hand side are increased by new satellites launched. 
Himawari8　30分毎→10分毎、可視1km, 赤外4km→2km,5チャンネル→16チャンネル　2015年7月運用開始。
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(From JMA web site)
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The actual data analysis and forecasting cycle proceeds in the following order. First, retrieve the value for the initial forecast time calculated from the previous forecast value. This is referred to as the first guess. Then, observation data are assimilated on the first guess, and analysis are made. In the old system, a process called initialization is performed to eliminate errors such as gravity waves and other high frequency noises. Finally, initial condition is created and next forecast will be started.
Data assimilation cycle in JMA is running all the day, since the global forecasts are started every 6 hours. The innermost cycle keeps the global cycle analysis incorporating all the available data. The second circle in green shows the global early analysis assimilating the data, waiting 2h20m after the initial time, and create the initial condition 4 time a day. They are also used for making the mesoscale analysis in the outer most circle.




Effect of assimilating new satellite data

AMV Himawari 7 AMV Himawari 8Observation

Himawari 7(4km, 30/60mmin) Himawari 8(2km, 10mmin)

2014.10.7 
High reso
High freq

メソスケール気象予測の現状と展望 数 (From JMA web site)

Low level/High level
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This page introduces an example of the improvement of NWP by updating observation data. The assimilated data are atmospheric motion vector obtained from the geostationally satellite. The upper left is from Himawari No.7, and upper right is from Himawari No.8. The horizontal resolution of observation is upgraded from 4km to 2km, and frequency is from 30 min to 10 min. As a result, wind vector density is increased very much. The lower row shows the observation, and forecast assimilating the observation in old version, and the forecast utilizing the new observation. The updated forecast improved the intense rainfall description so much shown by the broken oval line. 




Effect of assimilating GNSS data

With GNSS Without GNSSObservation

メソスケール気象予測の現状と展望 数
値予報課報告・別冊第66号

(From JMA web site)
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This figure introduces another example of update by incorporating the new observation data. In this case, the GNSS atmospheric moisture data were assimilated. As a result, the middle figure is improved its strong rainfall description rather than the right figure without assimilating GNSS data.




Numerical Weather Prediction 
(NWP) by regional model

downscaling

Global NWP Regional NWP

Rainfall data

Hydrological modeling

20 km resolution 5 km resolution (From JMA web site)
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Next, we will discuss the regional model, in other words, limited area model, which is derived from a portion of the global model. Since the global model has a limitation of the horizontal grid intervals, we will introduce the regional model when we need high resolution forecast in the specific target area. In this case, lateral boundary and lower boundary conditions are provided from GCM into regional model. The Merits of high resolution model is, one can consider more realistic topography and land use, and another is higher resolution model can capture the realistic atmospheric convection. The cumulonimbus cloud has a diameter of 10 to 20 km scale. So, the 2 to 4km resolution model can capture the cumulonimbus convection in the atmosphere.




Predicted rainfall
Observation JMA 2km resolution model JMA 5km resolution model

(From JMA web site)
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This is an example of comparison of observation, JMA 2km resolution model, and 5km resolution model for typhoon forecasts. We understand the 2km model is much closer to the observation in the structure of typhoon rainbands and strength of rainfall, but the 5km model smoothed out the distribution.




Ensemble forecasts

Weather system is governed 
by chaotic nature.

Ensemble forecast is a 
group of multiple forecast 
(20 – 50) from slightly 
different initial conditions.

(From JMA web site)
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This figure explains the unpredictability of the NWP. The red line is a result of a nonlinear equation start from an initial state. The green line is a result of the same nonlinear equation, but started from a slightly different initial condition. The blue line is also another result of the same equation from another slightly different initial condition. The results are the same up to a certain point, but after that, the calculations diverge and become unpredictable. This phenomenon is called chaotic nature, and is a characteristics of nonlinear equations. The governing equation of the atmosphere is nonlinear equations. Therefore, NWP is followed in chaotic nature. To address this issue, ensemble forecasting was developed to identify the limits of forecasting. The lower panel shows an example of ensemble typhoon forecast. The orange color lines show the uncertainty of the typhoon tracks, which are spread along the observed track.




Example of Ensemble forecasting

Single 
forecast

observation
Ensemble 
forecast

Valid valid

 Ensemble forecast (simultaneous multiple forecasts) can predict 
its reliability of forecasts.

 This increases forecast accuracy.

Forecast day Forecast day

(After Buizza (2001)
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This also explains the forecast uncertainty of ensemble forecasts. The left panel is a result of temperature forecast at London. The red lines are results of ensemble forecasts. They are almost the same variation until 4th day, we understand the forecast is reliable. On the other hand, after 4th day the ensembles are scattered, which shows unreliable forecast. The blue broken line is observation, and black bold line is from a single forecast. 
The right panel also shows the temperature forecast in the same day, but another year. The ensemble forecasts vary widely, and reliable forecasts are only available through the 2nd. Although the observations are included in the range of ensemble forecasts in both panels, it is unpredictable after certain time.
When we summarize the ensemble forecasts, it can predict its reliability of the forecasts, and it increases forecast accuracy. This is because the average of ensemble usually has better accuracy than the single forecast. 





Accuracy of Global EPS

(After TIGGE Museum)
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This figure summarizes the performance of the ensemble forecast produced by several weather centers of the world. The Y-axis shows accuracy and 1 is the best performance. X-axis is the year from 2008 to 2026. The color shows forecast lead time. 
The center figure is the result of ECMWF, which always outputs the best results of the world. It has best score and get improved year by year. CMC, JMA, NCEP, UKMO are the second best. BOM and CPTEC stopped their operation. CMA shows wide bands, indicating difference accuracy in northern and southern hemisphere.




Example: Flood forecasting study 
for Typhoon Hagibis 2019

Flood inundation at Nagano City

NWP model domain
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Next, I would like to introduce our regional ensemble forecast experiment in Japan. In 2019, an extremely strong typhoon passed through eastern Japan, causing flood disaster in many area. One of the flood disaster occurred in Nagano City. We have developed a regional ensemble forecasting system in the eastern Japan area shown in the upper figure.
 



Ensemble forecasting of rainfall
Ensemble mean Rainfall Analysis 
GSM(JMA Global forecast) MSM (JMA Mesoscale forecast)

(After Ushiyama et al.,2020)
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This is the results of ensemble forecast of rainfall. The gray shadings are ensemble forecasts and pink line is the ensemble mean. They are mostly good agreement with observation shown by black dots. This case showed surprisingly good performance that the forecast at five days before the rainfall predicted the heavy rainfall well.




Ensemble flood forecasts
Ensemble forecast Ensemble mean Simulation based on Rainfall analysis 
Based on JMA Global forecast Observed water level

(After Ushiyama et al.,2020)
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This is the ensemble forecasting of water level of the river where flood had happened. This figure also showed very good performance that the forecasts five days before the flood predicted very well. In this case, the JMA global forecast accurately predicted the typhoon’s path and intensity, it can be concluded that this forecasting experiment was successful.




AI usage in Atmospheric Science
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Finally, I would like to introduce the Artificial Intelligence in atmospheric science. The relationships among terms related to AI are shown in the figure above. The broadest definition is “artificial intelligence,” and “machine learning” is a narrower definition within that category. Next come “neural networks,” “deep learning,” and “transformers.”
The figure below shows the history of AI. Following the first and second AI booms, the third AI boom began in the late 2000s, driven by the emergence of computers capable of handling deep learning.




Weather Forecasting using AI/ML
• Physical NWP

• Fluid dynamics
• Thermodynamics
• Radiation
• Cloud microphysics

► Disadvantages
 Extremely high computational costs
 Difficulty in achieving high resolution
 Inability to fully utilize observation data
 Uncertainty in physical processes

► Weather Forecasting using AI/ML
 High speed computation 
 Low-cost computation
 Several ML models outperformed physical NWP

► But, disadvantages are;
 Explainability
 Extreme weather events
 Stability in long term, physical consistency
 Training costs (After Zhang et al.,2025)
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Physical NWP and AI forecasts each have their own advantages and disadvantages. Physical NWP integrates fluid dynamics, thermodynamics, radiation, and cloud microphysics. Therefore, it requires extremely high computational costs, and it has difficulty in achieving high resolution, inability to fully utilize observation data, and uncertainty in physical processes.
On the other hand, AI forecasting are high speed computation, low-cost computation, and several ML models outperformed physical NWP. But, their disadvantages are, explainability, difficulty in forecasting extreme weather events, and stability in long term and physical consistency, and training costs are extremely high.
 



Weather Forecasting using AI/ML
► CNN (convolutional neural network)

 Precipitation nowcasts
 Temperature/Wind forecast

► Specializes in spatial pattern extraction

► RNN/LSTM/ConvLSTM
 Time-series weather forecasting
 Precipitation nowcasts

► Capable of handling time-series 
dependencies

► Transformer
 Pangu-Weather (by Huawei) 2023

► 3D Earth-Specific Transformer
► Global forecast using ECMWF ERA5
► Significantly faster than physical NWP
► High accuracy even in extreme weather 

forecasts
 GraphCast (Google Deepmind) 2023

► 10 days forecast
► Exceeds ECMWF HRES on many metrics

► GNN (Graph neural network)
 GraphCast, DGFormer

► Treating the Earth as a graph
► Representing spatial relationships
► Specializes in global interaction 

modeling

► Generative AI
 GAN
 Diffusion model
 VAE

► High-resolution modeling
► Extreme precipitation simulation
► Ensemble simulation
► GenCast, FuXi-ENS, NowcastNet
► In particular, GenCast outperformed 

the ECMWF ENS in over 97% of 
cases

(After Zhang et al.,2025)
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Currently, AI forecasting models that utilize a variety of machine learning techniques are currently being developed. Convolutional neural networks are good at image processing, precipitation nowcasts, and temperature/wind forecast models are developed.
Recurrent Neural Network/LSTM/ConvLSTM are good at time-series weather forecasting, and precipitation nowcasts are developed.
Transformer is one of the most advanced technique. Pangu-Weather is developed by Huawei in 2023 outperformed many respects. GraphCast developed by Google Deepmind in 2023 exceeds ECMWF HRES on many metrics. Graph Neural Network is used to develop GraphCast and DGFormer, treating the earth as a graph. 
In the group of generative AI, GAN (Generative Adversarial Network), Diffusion model, and VAE (Variational AutoEncorder) techniques are used to develop high-resolution modeling, extreme precipitation simulation, ensemble simulations. GenCast outperformed the ECMWF ENS in over 97% of cases.




Weather Forecasting using AI/ML
► CNN Integration with the 

Laws of Physics
 Physics-informed AI

► Examples: FourCastNet, 
NeuralGCM, SFNO

► Features: PDEs (Partial 
Differential Equations), Fluid 
Dynamics, Spherical Calculus 
are incorporated into neural 
networks. 

 FourCastNet (NVIDIA) 2022
► Utilizes the Fourier Neural 

Operator, Global Forecasts, 
Ultra-fast, High resolution

► 5. Datasets
 ERA5

► ECMWF reanalysis data, 
0.25°1-hour intervals Global 
Most widely used

► Many AI weather models use 
ERA5.

► 6. Key Claims
 AI has already begun to partially 

outperform NWP
► Computational speed, 
► Short- to medium-range 

forecasts, 
► Extreme weather detection

 However, it is not a complete 
replacement.

► Lack of interpretability
► Prediction of rare events
► Long-term stability
► Physical consistency
► Training costs

 The future lies in the integration of 
“AI + physics”

 The paper emphasizes that AI 
integrated with physical laws—rather 
than pure AI—is crucial. 

(After Zhang et al.,2025)
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An approach combines CNN integration with the laws of physics is yielding excellent results. For example, FourCastNet developed by NVIDIA in 2022 uses partial differential equations of fluid dynamics, spherical calculus are incorporated into neural networks with Fourier Neural Operator realizes ultra-fast high resolution global forecast.
For the training in those ML models, ERA5, ECMWF reanalysis data with 0.25 degree grid interval are widely used.
Key claims are; AI has already begun to partially outperform NWP in computational speed, short- to medium-range forecasts, and extreme weather forecasts.
However, it is not a complete replacement. Because, lack of interpretability, prediction of rare events, long-term stability, physical consistency, and training coasts. The future lis in the integration of AI+physics. AI integrated with physical laws rather than pure AI is crucial.
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