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Abstract : Time series forecasting, as a core technology for analysing the dynamic evolution patterns of
historical data and inferring future states, holds significant decision—support value across economic,
transportation, energy, and meteorological domains. With the advancement of big data technologies
and exponential growth in computational power, deep learning has overcome the limitations of
traditional statistical models when handling high—dimensional, non-stationary, and complex
spatiotemporal data through its exceptional nonlinear fitting and automatic feature extraction
capabilities. It has consequently emerged as the mainstream paradigm for time series forecasting. This
paper aims to provide a systematic review of research progress in deep learning—based time series
forecasting methods. Firstly, the paper constructs a theoretical framework for time series forecasting,
clarifying task definitions and establishing a classification system for methodologies. Secondly, it
conducts an in—depth analysis of the technological evolution and core mechanisms of four mainstream
deep learning architectures: methods based on recurrent neural networks (RNNs) have evolved from
classical LSTM/GRU to modernised SegRNN and xLSTM, demonstrating the enduring vitality of
recurrent induction bias in modelling sequential dependencies; Convolutional neural network (CNN)-
based approaches, leveraging dilated convolutions and multi-scale architectures (e.g., TimesNet),
demonstrate significant advantages in local feature extraction and parallel computational efficiency;
Transformer—based approaches have dominated long-range dependency modelling through
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self-attention mechanisms, overcoming computational bottlenecks by modifying Transformer
architectures (e.g., iTransformer); Meanwhile, Multi-Layer Perceptron (MLP)-based methods
achieve a balance between accuracy and efficiency through minimalist linear architectures (e.g.,
DLinear), challenging the necessity of complex models. Moreover, this paper systematically reviews
the key challenges confronting this field, including robust handling of sequences of varying lengths,
the lack of interpretability in black—box models, computational costs associated with large-scale
data, and insufficient cross—domain generalisation capabilities. Finally, the article outlines future
research trends, indicating that constructing foundational time—series models, adopting multimodal
pre—training paradigms, and enabling lightweight deployment on edge devices will constitute the
primary focus for innovation in the next phase. This paper aims to provide a reference for theoretical
research and engineering applications in the field of time series forecasting through a comprehensive
review of existing methods and forward-looking analysis.
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