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I.INTRODUCTION 

The speedy development of computer technology has greatly affected the evolution of numerical models utilized in weather 

forecasting. These models require complex and large-scale mathematical calculations to deliver reliable predictions. From 1999, 

the Korea Meteorological Administration (KMA) has run a global forecast system on the basis of a spectral model derived from 
the Japan Meteorological Agency. In 2022, the KMA implemented GloSea6, a high-end global model developed by the UK Met 

Office, as one of its operational forecasting tools. 

GloSea6 is composed of two main subsystems: one for atmospheric dynamics (ATMOS) and one for oceanic processes 

(OCEAN). The atmospheric part uses the Unified Model (UM) for weather pattern simulation and JULES for land surface 

modeling. The oceanic part uses NEMO to simulate ocean behavior and CICE to model sea ice conditions. The modeling process 

begins by gridding the surface of the planet. For each grid piece, appropriate initial and auxiliary data—collectively referred to as 

analysis fields—are gathered and analyzed to feed into simulations. 

Although GloSea6 produces very accurate forecasts, it demands tremendous computing powers—hence limiting its 

availability to those institutions with modest infrastructure. To remedy this deficiency, KMA built Low GloSea6, a downscaled 

variant of the original model that can be executed on less powerful computing systems. Even this reduced version still utilizes a 

significant amount of system resources, especially with massive data input/output (I/O) operations, which in turn degrade its 
performance. Traditional tuning methods, based mostly on trial and error or repeated testing, are time-wasting and particularly 

challenging for researchers who do not have extensive computing knowledge. 

This research proposes a machine learning-based optimization model optimized for the Low GloSea6 environment. The 

method uses two strategies. To begin with, system profiling instruments—like Darshan—are employed to gather thorough 

performance information, including statistics about hardware utilization and model configuration settings. This information is then 

utilized to train ML models that are capable of providing automatic recommendations of optimal hardware and software settings 

so as to reduce execution time and enhance data throughput. Second, the system utilizes deep learning and ensembling techniques 

to improve the accuracy of forecast outcomes. Through learning from integrated real-time sensor observations, satellite data, and 

long-term historical weather conditions, the models generate more accurate forecasts of wind, precipitation, and temperature. 

This dual-pronged approach allows for both effective utilization of resources and better forecasting accuracy. Experimental 

outputs indicated that the system proposed could accurately forecast model run times with only a 16% margin of error, besides 

providing more detailed forecasts. Additionally, the framework is adaptive and scalable and thus can be applied to a range of other 
scientific and high-performance computing (HPC) applications other than weather modeling. 

 
 

Abstract: Weather forecasting typically relies on numerical prediction models that process observational data, such as temperature and 
humidity, to estimate future conditions. The Korea Meteorological Administration (KMA) uses the UK’s GloSea6 model for this purpose. While 
effective, running such models—especially for research—requires significant computing power, often exceeding available supercomputer 

resources. To overcome this, KMA introduced a scaled-down version called Low GloSea6, designed for use on standard research servers. 
However, Low GloSea6 still demands considerable computational effort, particularly due to its high input/output (I/O) load, which can slow 
performance. Manual tuning of I/O parameters is inefficient, prompting the need for a smarter solution. This study proposes a machine learning-
based approach to optimize both hardware and internal model parameters for Low GloSea6. The process involves collecting performance data 
using profiling tools and training a machine learning model to predict optimal settings for various research environments. Results demonstrate 
that the model effectively identifies optimal configurations, achieving only a 16% error rate in execution time prediction. This technique shows 
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II. REVIEW OF PREVIOUS WORK 

1. P. Davis, C. Ruth, A. A. Scaife, and J. Kettleborough, ‘‘A large ensemble seasonal forecasting system: GloSea6,’’ Dec. 

2020, vol. 2020. 

Numerical weather prediction models, which utilize weather observation data like temperature and humidity, are essential 

for weather forecasting. The Korea Meteorological Administration (KMA) uses the UK-based GloSea6 model, which requires 

supercomputers for both real-time predictions and research. Due to limited supercomputing resources, KMA developed the Low 

GloSea6 model, which runs on smaller servers but still demands significant computational power, particularly for I/O operations. 

To optimize performance, this study proposes a machine learning-based method that analyzes hardware and software parameters. 

By collecting performance data and training a machine learning model, the approach accurately predicts optimal parameter 

settings, reducing execution time with only a 16% error rate. This optimization method can enhance efficiency in high-performance 

computing research. 

 

2. M. Howison, Q. Koziol, D. Knaak, J. Mainzer, and J. Shalf, ‘‘Tuning HDF5 for Lustre file systems,’’ Lawrence Berkeley 

Nat. Lab., Berkeley, CA, USA, Tech. Rep. LBNL-4803E, 2010. 

Multiple various high-performance computing (HPC) programs employ HDF5, a cross-platform parallel I/O arsenal, due 
to its hierarchical object-database encapsulation of scientific data and its versatility. Our latest attempts at optimizing the MPI-IO 

& HDF5 library performance on the Luster sequential file system are presented. To illustrate the versatility of our enhancements 

across various file system configurations and to confirm the efficiency of our strategy, we measured the performance of three 

distinct HPC programs chosen to reflect the wide range of data transfers requirements on three different platforms. running in near 

proximity to the supporting file system's probable peak performance – and showed scalable effectiveness up to 40,960-way 

concurrent operation. 

 

3. R. Ross, D. Nurmi, A. Cheng, and M. Zingale, ‘‘A case study in application I/O on Linux clusters,’’ in Proc. ACM/IEEE 

Conf. Supercomput., New York, NY, USA, Nov. 2001, p. 11, doi: 10.1145/582034.582045. 

I/O performance is an important but too often neglected component of system performance. Modern applications require 

high-performance storage and interfaces, leading to the development of distributed storage systems. This paper analyzes the I/O 
performance of the FLASH astrophysics code on a Linux cluster, utilizing the Parallel Virtual File System, ROMIO MPI-IO, and 

the Hierarchical Data Format library. By identifying and addressing major software bottlenecks, significant performance 

improvements are achieved. The study also highlights similarities between inefficiencies in I/O and message-passing systems, 

suggesting that solutions from message-passing research could enhance high-level I/O interfaces. 

 

4. S. Herbein, Ahn D. H, Lipari D, Skogland T. R. W, Stearman M, M. Grundon, et al., "Scalable I/O-aware job scheduling 

for burst buffer enabled HPC clusters", Proc. 25th ACM Int. Symp. High-Perform. Parallel Distrib. Comput., pp. 69-80, 

May 2016. 

This paper reviews three algorithms for converting atomic-level molecular dynamics (MD) simulation data into metadata 

for real-time machine learning analysis. MD simulations, essential in chemistry, material science, and drug design, generate vast 

data, making manual analysis impractical on next-generation supercomputers. Efficient data preparation is crucial for transforming 

raw data into meaningful representations. The discussed algorithms enable local transformations, supporting real-time analysis of 
large MD trajectories, with applications in protein–ligand docking, protein folding, and protein engineering. 

 

5. B. Behzad et al., "Taming parallel I/O complexity with auto-tuning", Proc. Int. Conf. High Perform. Comput. Netw. 

Storage Anal., pp. 68, 2013. 

This paper presents an auto-tuning system that optimizes I/O performance for HDF5 applications using a genetic algorithm 

to find optimal parameter settings across the parallel I/O stack. It dynamically uses these settings by virtue of HDF5 call 

interception. It was validated on three I/O benchmarks (VPIC, VORPAL, and GCRM) across different HPC platforms and scaling 

configurations. The auto-tuning framework consistently improved write performance, achieving speedups between 2× and 100× 

compared to default system settings. 
 

III.METHODOLOGY 

This study proposes an advanced methodology aimed at improving the predictive precision, adaptability, and 
computational performance of Numerical Weather Prediction (NWP) systems by integrating machine learning techniques with the 

Low GloSea6 model. The process begins by leveraging profiling tools such as Darshan to gather extensive performance data, 

including I/O behavior, execution time, resource utilization, and internal parameter settings across different runtime environments. 

This data forms the foundation for training a range of machine learning models, each selected for its distinct analytical capabilities. 

Naive Bayes is utilized for rapid, baseline classification based on probabilistic assumptions. Logistic Regression supports 

binary classification to identify performance-efficient settings. Support Vector Machines (SVMs) distinguish optimal 

configuration regions using hyperplane-based separation. Decision Trees provide clear, rule-based decision logic, while Random 

Forests enhance prediction stability through ensemble techniques. Gradient Boosting is employed to iteratively refine model 

accuracy by learning from previous prediction errors. 

In parallel, deep learning frameworks such as Artificial Neural Networks (ANNs) and Convolutional Neural Networks 

(CNNs) are used to process historical weather datasets, real-time satellite imagery, and meteorological inputs. These models are 
designed to dynamically adjust forecasts by reducing bias in key variables like temperature, wind speed, and precipitation, 
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especially under volatile or extreme weather conditions. 

In addition, the trained models analyze the interaction between system parameters (e.g., I/O throughput, memory 

consumption, and CPU utilization) and the runtime performance of the prediction model. This analysis allows for the 

recommendation of optimal configuration settings that enhance system performance. The predicted configurations are validated 
through real-time testing, confirming reductions in execution time and I/O bottlenecks. 

The result is a hybrid NWP-ML architecture that optimizes both forecast quality and computational efficiency. Evaluations 

across multiple MPICH versions and hardware setups affirm the framework’s scalability, adaptability, and reliability for high-

performance meteorological forecasting. This approach addresses limitations in traditional NWP systems and provides a 

foundation for intelligent, data-centric weather prediction models. 

 

IV.SYSTEM ARCHITECTURE 

To overcome the limitation of traditional Numerical Weather Prediction (NWP) models, the new system introduces a state-

of-the-art hybrid architecture that utilizes machine learning (ML) algorithms to enhance the accuracy and computational cost of 

weather simulations to a great extent. While NWP models rely on atmospheric physics and complex mathematical equations to 

predict parameters like temperature, humidity, wind speed, and precipitation, they cannot help but be marred by heavy 

computational burdens and low accuracy for extreme weather conditions due to the static parameterization. The new framework 
avoids these shortcomings by incorporating ML-enhanced improvements directly into the NWP pipeline. 

Using historical climate observations, real-time weather observations, and satellite imagery, the system trains sophisticated 

deep learning models like Neural Networks, Gradient Boosting Machines, and Convolutional Neural Networks (CNNs) to identify 

complex, nonlinear patterns in atmospheric data. These models apply real-time bias correction to basic NWP output like 

temperature, precipitation, and wind speed, thereby significantly improving predictive accuracy. Unlike static models, the machine 

learning components dynamically learn from evolving weather patterns, enabling the system to react to sudden atmospheric 

changes and enhance the timeliness of forecasts. 

Apart from improving forecasting accuracy, machine learning integration also helps reduce considerable computation 

costs. By reducing data transfer and eliminating redundant calculation, the system speeds up weather forecasting and the utilization 

of resources, making it cheaper to perform in terms of computational cost normally needed for high-resolution NWP simulations. 

The learning adaptability feature of the model allows for continuous self-updating using new observational data, resulting in more 
accurate and timely forecasts regardless of the occurrence of surprise meteorological events. Besides the above I/O performance 

optimization methods—i.e., black-box tuning methods and real-time profiling using Darshan—the proposed system is an end-to-

end, scalable, and generalizable solution. Not only does it make performance tuning accessible to non-experts, but it also enhances 

the operational accuracy and efficiency of weather forecasting systems applied in high-performance computing (HPC) 

environments. Overall, this machine learning-extended framework bridges the gap between traditional physics-based modelling 

and intelligent, data-driven adaptation, and offers a new paradigm in meteorological forecasting. 

 

 
Fig 1: System Architecture 

 

V. MODULE DISCRIPTION & IMPLEMENTATION 

Module Description 

Service Provider Module: In this section, the Service Provider is required to log in using a valid username and password. Upon 

successful login, they gain access to multiple functionalities, such as training and testing data sets, visualizing trained and tested 

accuracy through bar charts, examining prediction outcomes, forecasting weather types, analyzing weather type distributions, 

downloading prediction data, and reviewing the results of weather prediction ratios. Additionally, they can monitor all remote 

users. 
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Administrator User Management: The administrator can view a list of registered users, which includes details like usernames, 

emails, and addresses. The administrator's primary responsibility is to verify user legitimacy and approve access to system 

functionalities. 
 

Remote User Module: This module consists of multiple users who must complete the registration process before utilizing any 
services. Upon successful registration, their information is saved in the database. Once logged in, users can engage in various 

activities, including predicting weather types, accessing their profile, and completing the registration and login process. 

 

Implementation 

 

 
Fig 2: Data Flow Diagram 

The implementation of this system follows a structured approach, beginning with Step 1: Setting Up the Execution 

Environment, where the Low GloSea6 model is deployed on small to medium-sized research servers. Profiling tools such as 

Darshan, MPI-IO, and HDF5 are configured to collect system performance data. In Step 2: Data Collection and Preprocessing, 

multiple test scenarios are executed under different configurations to gather extensive performance data. The collected data is then 

stored in structured formats for further processing. 

In Step 3: Feature Selection and Model Training, essential features influencing I/O performance and execution time are 

identified. Contraption erudition mockups are competent using historical performance information to forecast the most effective 

system configurations. Step 4: Optimization and Cross-Validation involves applying ML-based predictions to determine the 

best parameter settings for Low GloSea6. The optimized configurations are then validated through benchmarking tools, comparing 

the predicted and actual execution performance to ensure accuracy. Finally, in Step 5: Deployment and Performance 

Monitoring, the optimized settings are implemented in the Low GloSea6 model. A continuous monitoring system is established 

to track performance in real time. If deviations occur, the appliance education replicas are updated, and further refinements are 

made to maintain optimal execution efficiency. By integrating machine learning-driven optimization with real-time monitoring, 

the system ensures a robust and scalable approach to improving the efficiency of numerical weather prediction models. 

 

 
Fig 3: Class Diagram 
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VI.SYSTEM TESTING 

Table no 1: Weather Prediction System Test Cases and Results 

  

 

VII.SCREEN SHOTS 

 

Test Condition Expected Result 
Actual 

Result 
Remarks 

Register with valid credentials 

User should be registered 

successfully and redirected to 

login or home page 

Success 

User is able to access the 

system with the registered 

credentials 

Register with invalid or 
incomplete credentials 

Display appropriate error 

message and prevent 
registration 

Success 

System handles invalid input 

gracefully and guides the 
user 

Login with valid credentials 

User should log in successfully 

and access the dashboard or 

main interface 

Success 
User is able to log in and 

access the system 

Login with incorrect credentials 
Display error message and deny 

access 
Success 

System prevents 

unauthorized access and 

shows relevant message 

Predict the weather 

System should accurately 

predict the weather (e.g., Sunny, 

Rainy, or Cloudy) 

Success 

The predicted weather 

condition is displayed 

correctly 

View weather prediction ratios 
Display probability or ratio of 

each possible weather condition 
Success 

User gains a comprehensive 

overview of all possible 

weather outcomes 

View results in charts 

Prediction results should be 

visualized through clear and 

informative charts 

Success 

User is able to understand 

predictions easily through 

visual representation 

Check responsiveness on 
different devices 

UI should adapt to mobile, 
tablet, and desktop screens 

Success 
Interface remains usable 

across devices 

Refresh prediction data 

System should provide updated 

predictions when refreshed or 

requested again 

Success 
Fresh prediction is generated 

on demand 

Logout from the system 
User should be logged out and 

redirected to login screen 
Success User session ends securely 

Session timeout after inactivity 

Automatically log out the user 

after a defined period of 

inactivity 

Success 
System ensures security 

through session management 

Handle network errors during 

prediction 

Display appropriate error 

message and retry option if 

prediction fails due to network 

Success 
User informed gracefully in 

case of connectivity issues 

Validate data accuracy 

Weather prediction should be 

based on accurate historical or 

live data 

Success 
System uses credible data 

sources 
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VIII.CONCLUSION AND FUTURE WORK 

This study proposed a machine learning-based optimization framework aimed at improving the performance of scientific 

applications, with a focus on the Low GloSea6 weather forecasting model. By combining internal model parameters with hardware 
platform configurations, a performance dataset was built and validated using the Leave-One-Out Cross-Validation (LOOCV) 

technique to ensure the reliability of results, even with limited data samples. 

The trained model effectively identified optimal parameter settings for new environments, aligning closely with real-world 

configurations. Most notably, the model achieved an execution time prediction with only a 16% error, demonstrating strong 

predictive performance. This method not only enhances the execution efficiency of Low GloSea6 but also shows promise for 

broader application in other high-performance computing (HPC) domains such as molecular dynamics, quantum chemistry, and 

computational fluid dynamics. By reducing reliance on manual tuning by supercomputing staff, the approach provides a scalable 

and automated alternative for scientific computing optimization. 

 

Future Work: 

To further improve and expand this optimization framework, two major directions for future research are proposed: 

 

1. Enhancing Data Volume and Diversity 

The current dataset lacks certain hardware platform parameters, which limited prediction accuracy. Expanding the dataset 

by collecting a more comprehensive set of hardware, software, and I/O performance metrics will improve model precision and 

generalizability. 

 

2. Implementing Benchmark-Based Cross-Inference 

Integrating a benchmark-driven cross-inference approach would enable the model to infer optimal configurations for 

scenarios not directly covered in the training data. This strategy would speed up the data collection process and expand the model’s 

utility by using substitute parameters to estimate performance for unobserved configurations. 
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