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Scientific Machine Learning for Physical Fields Modeling: Methods and Applications 

 
Abstract 

 

Accurately modeling complex physical systems is crucial for scientific and engineering applications. 

Scientific machine learning (SciML) is an interdisciplinary field that integrates traditional scientific 

computing with modern machine learning (ML) techniques to develop models and enable more interpretable, 

robust, and generalizable solutions for scientific problems. This thesis traces the evolution from traditional 

ML methods to the advent of physics-informed ML models. We begin by addressing a practical challenge in 

air pollution modeling: optimally placing PM2.5 monitoring sites to improve nationwide pollution 

reconstruction. We compare five sensor placement algorithms based on gappy proper orthogonal 

decomposition, achieving data-efficient pollution field reconstruction. Subsequently, we leverage 

physics-informed neural networks (PINNs) to simulate pollution fields by solving governing 

advection-diffusion equations (ADEs). To enhance the performance of PINNs, we propose two works from 

training data and optimization perspectives, respectively: a multi-criteria adaptive sampling (MCAS) approach 

and a novel dual-balanced PINN (DB-PINN). Experimental results on solving ADEs demonstrate that MCAS 

is not only applicable for collocation points but also for optimizing sensor placement. In addition, the 

proposed DB-PINN effectively mitigates two imbalance issues and has proven its superior prediction accuracy 

and fast convergence speed on solving multiple partial differential equations (PDEs). Further, we explore 

neural operators for learning solution functionals of PDE families. To overcome the spectral limitations of 

Fourier neural operators (FNOs), which often lead to over-smooth solutions, we introduce a wavelet attention 

module that can capture local and high-frequency features. Building on this, we propose a novel Spectral 

Attention Operator Transformer (SAOT), which integrates locality-aware wavelet features with global Fourier 

representations, achieving state-of-the-art results on several standard benchmarks. In conclusion, the four 

works presented in this thesis contribute to advancing machine learning research for modeling physical fields. 

We believe that they will play a pivotal role in steering the SciML community towards achieving high 

efficiency, broad generalizability, and robust scalability, enabling the community to tackle more complex and 

diverse scientific and engineering problems.  
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