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Mathematical Modeling in Deep Learning for Image
Processing: A Comprehensive Survey

CRISTINA ŢICALĂ1 , CAMELIA M. PINTEA2, AND OLIVIU MATEI3

ABSTRACT. Deep learning (DL) has emerged as a transformative tool in image processing, achieving re-
markable success in tasks such as denoising, segmentation, super-resolution, and enhancement. However, the
effectiveness, interpretability, and robustness of DL systems are deeply rooted in mathematical modeling. This
survey aims to provide a comprehensive review of the mathematical foundations underpinning DL based im-
age processing, including linear algebra, optimization theory, information theory, and variational methods. It
explores how differential operators and graph based models inform the design of Convolutional Neural Net-
works (CNNs) and transformers, respectively. Recent advances such as diffusion models, score based generative
frameworks, and geometric deep learning are examined. Furthermore, the survey highlights the integration of
bio-inspired algorithms, especially ant colony optimization, into DL pipelines, with particular emphasis on med-
ical imaging applications. Research papers by et al. serve as notable examples of hybrid systems that combine
soft computing, operator theory, and swarm intelligence to enhance diagnostic image analysis. We conclude by
identifying current challenges, such as interpretability, data efficiency, and computational complexity. There are
outlined future directions involving physics informed and theory guided deep learning. This survey aims to
bridge classical mathematical modeling with contemporary deep learning paradigms.
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[52] Pintea, C. M.; Ţicală, C. Medical image processing: A brief survey and a new theoretical hybrid ACO

model. In Combinations of Intelligent Methods and Applications, Smart Innovation, Systems and Technologies,
Springer, Cham, vol. 46 (2016), 117–134.

[53] Poggio, T. et al. Theory of deep learning III: Explaining the non-overfitting puzzle. arXiv preprint
arXiv:1801.00173, 2017.

[54] Qu, F.; Zhang, M.; Shi, W.; He, W.; Jiang, Z. Transformer-based 2D/3D medical image registration for X-ray
to CT via anatomical features. Int. J. Med. Robot. Comput. Assist. Surg. 20 (2024), no. 1, e2619.

[55] Raissi, M.; Perdikaris, P.; Karniadakis, G.E. Physics-informed neural networks: A deep learning framework
for solving forward and inverse problems involving nonlinear partial differential equations, J. Comput.
Phys., 378 (2019), pp. 686–707.

[56] Ribeiro, M.T.; Singh, S.; Guestrin, C. “Why Should I Trust You?”: Explaining the Predictions of Any Classi-
fier, in Proc. ACM SIGKDD, 2016, pp. 1135–1144.

[57] Ronneberger, O.; Fischer, P.; Brox, T. U-Net: Convolutional networks for biomedical image segmentation.
In MICCAI, 2015.

[58] Rudin, L. I.; Osher, S.; Fatemi, E. Nonlinear total variation based noise removal algorithms. Physica D 60
(1992), no. 1–4, 259–268.

[59] Rudin, C. Stop explaining black box machine learning models for high stakes decisions and use inter-
pretable models instead. Nat. Mach. Intell. 1 (2019), 206–215.

[60] Saharia, C.; Ho, J.; Chan, W.; Salimans, T.; Fleet, D. J.; Norouzi, M. Image super-resolution via iterative
refinement. IEEE Trans. Pattern Anal. Mach. Intell. 45 (2022), no. 4, 4713–4726.

[61] Schölkopf, B.; Locatello, F.; Bauer, S.; Ke, N. R.; Kalchbrenner, N.; Goyal, A.; Bengio, Y. Toward causal
representation learning. Proc. IEEE 109 (2021), no. 5, 612–634.

[62] Shen, J., & Shen, H. W. Psrflow: Probabilistic super resolution with flow-based models for scientific data.
IEEE Trans. Vis. Comput. Graph. 30 (2023), no. 1, 986–996.

[63] Shuman, D. I.; Narang, S. K.; Frossard, P.; Ortega, A.; Vandergheynst, P. The emerging field of signal
processing on graphs: Extending high-dimensional data analysis to networks and other irregular domains.
IEEE Signal Process. Mag. 30 (2013), no. 3, 83–98.

[64] Song, Y.; Sohl-Dickstein, J.; Kingma, D.; Kumar, A.; Ermon, S.; Poole, B. Score-based generative modeling
through stochastic differential equations, In Proc. Int. Conf. Learn. Represent. (ICLR), 2021, arXiv:2011.13456.

[65] Strang, G. Introduction to Linear Algebra, 5th ed.; Wellesley-Cambridge Press: Wellesley, MA, 2016.
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