
VOLUME: 01 ISSUE: 03                                                                               Journal of Cloud Computing and Data Analytics 

76 

 

A Review of Time Series Prediction Research in the Transportation 

Field 

Zheng Liangfei 

School of Information Science and Technology, Beijing University of Chemical Technology, 

Beijing 100029, China 
453912124@qq.com 

 
Abstract 

This review looks at the new progress of time series prediction in the field of transportation, especially the multimodal 

fusion driven by the Large Language Model (LLM) and the new challenges encountered. It reviews the development of 

forecasting methods, from traditional statistical models to deep learning methods, and now to the framework based on 

Transformer. The research especially points out the great potential of large models in dealing with ultra-long-term 

prediction, cross-modal reasoning and uncertainty quantification, and also talks about how they can adapt to spatiotemporal 

traffic data through discrete coding and cue engineering. We also analyzed the multimodal strategy of integrating GPS 

trajectory, video surveillance and social media texts, which can help us better understand traffic scenes and find abnormal 

situations. The main applications, such as traffic flow forecasting, adaptive signal optimization, autonomous driving 

decision support and safety early warning system, all show the practical functions of these technologies. We also carefully 

analyzed the challenges, such as high computing cost, limited real-time reasoning, difficult model understanding, and 

privacy issues. The future direction will focus on the development of edge cloud collaboration, federated learning and 

digital twin integration to promote the progress of intelligent transportation systems. This review summarizes the current 

progress in an all-round way, and points out the way to realize an extensible, easy-to-understand and privacy-preserving 

traffic forecasting scheme. 

Keywords: Time series prediction; Transportation systems; Large language models; Multimodal fusion; Transformer 

1. Introduction 

1.1 Research Background 

Modern urban transportation systems are facing increasingly complex challenges [1], such as train delays caused by 

unexpected events [2], commuting stress caused by poor traffic signal systems [3], and the contradiction between the 

increasing number of private cars and limited road capacity [4].Traditional traffic management methods (such as fixed 

signal timing and manual dispatch) are unable to provide efficient and accurate prediction and decision support in the face 

of these dynamic changes [5][6][7].With the development of intelligent transportation technology, how to improve system 

resilience [8], optimize signal light scheduling [9], and improve road traffic efficiency [10] has become a key research issue. 

1.2 Research Significance 

In recent years, breakthroughs in large language models (LLMs) and multimodal technologies have brought new 

opportunities to traffic prediction. [11][12][13]. Time series prediction models based on the Transformer architecture have 

demonstrated powerful capabilities in cross-domain learning and long-term sequence modeling [14], while multimodal 

fusion methods can integrate visual, textual, and sensor data, enhancing traffic scene understanding and anomaly detection 

capabilities [15][16].The application of these emerging technologies has enabled traffic management to transition from 

passive response to active optimization, providing more accurate support for intelligent scheduling, congestion prediction, 

and safety warnings. 

1.3 Scope of the Review 

This paper focuses on the core issue of traffic time series prediction, and mainly explores the following three aspects: 

-- Technological Evolution: A review of the development trend from statistical models (such as ARIMA, Prophet) to deep 

learning methods (such as LSTM, TCN), and then to the latest prediction frameworks based on Transformer. 
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-- Large Language Model Applications: Exploring the capabilities of large language models in ultra-long-term forecasting 
[22], cross-modal reasoning, and uncertainty quantification, as well as methods for lightweight deployment and enhanced 

interpretability. 

-- Multimodal Fusion: Analyzing the role of multi-source data (such as GPS trajectories, video surveillance, and social 

media text) in traffic prediction, as well as the advantages and challenges of different multimodal fusion strategies [23][24]. 

By analyzing and comparing the performance of different models in traffic prediction tasks, this paper summarizes the 

advantages and limitations of current technology and explores future research directions. 

 

2. Fundamental Theories of Traffic Time Series Prediction 

2.1 Data Characteristic Analysis 

Multi-source heterogeneity: Traffic data has a wide range of sources [25], including sensors, GPS, video surveillance, 

vehicle-to-vehicle communication and other different types of data. Different data sources differ greatly in format, time 

granularity, spatial resolution and noise level. Therefore, preprocessing methods such as data alignment, feature fusion and 

denoising are needed to ensure the consistency and availability of data. 

Temporal and spatial dependence: Traffic data shows a strong correlation between time and space [26]. For example, the 

traffic flow on a certain road is not only affected by historical time but also related to the traffic flow changes on the next 

road section. Therefore, it is very important to establish appropriate characteristics of time-space series to improve the 

prediction accuracy, which requires us to consider the time law, spatial structure, and the interaction between local and 

overall traffic flow. 

External Factors Affecting [27]: Weather conditions, holidays, and unexpected events (such as accidents, road construction, 

etc.) can significantly impact traffic flow patterns. For example, severe weather can lead to reduced travel speeds, while 

holidays can trigger tidal commuting patterns. To enhance the adaptability of prediction models, external variables should 

be reasonably introduced, and feature modeling should be conducted to enable the model to effectively capture the effects 

of these influencing factors. 

2.2 Limitations of Traditional Methods 

Statistical models (e.g., ARIMA [28]): Classical statistical methods based on time series, such as autoregressive integrated 

moving average models (ARIMA), typically assume that data is stationery and has a linear trend. However, real-world 
traffic often exhibits strong non-linearity, non-stationarity, and is influenced by various external factors, making these 

models have significant limitations in long-term forecasting and complex pattern modeling. 

Traditional machine learning methods (e.g., SVM, XGBoost) [29][30]: Machine learning methods such as support vector 

machines (SVM) and gradient boosting decision trees (XGBoost) can model non-linear relationships to some extent, but 

their prediction performance depends on the quality of feature engineering. When faced with high-dimensional, multimodal 

traffic data, these methods often struggle to automatically extract effective features, and their generalization ability is 

limited, making it difficult to adapt to dynamically changing traffic environments. 

Deep learning models (e.g., LSTM, CNN) [31][32][33]: Recurrent neural networks (LSTM) and convolutional neural networks 

(CNN) excel at capturing temporal and local spatial features, but they still have certain limitations. For example, LSTM 

still suffers from the vanishing gradient problem in modeling long-term temporal dependencies, and its response to sudden 

events is slow; CNN mainly focuses on local spatial features and struggles to handle complex cross-regional traffic 

dependencies. Furthermore, these deep learning models generally have weak modeling capabilities for external factors 

(e.g., weather, holidays), requiring the additional design of fusion mechanisms to enhance overall prediction capabilities. 

 

3. Large language models evolutions 

3.1 Evolution of Large Model Technology Paradigms 

From unimodal to multimodal: Early large language models primarily focused on text data, such as the GPT series, which 

excel at natural language processing tasks. However, with the development of multimodal learning, a new generation of 

large models (e.g., MiniGPT-4, BEiT-3) can integrate various data forms, including text, images, speech, and video, 

enabling cross-modal feature learning. This capability presents new opportunities for the transportation domain, such as 
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integrating traffic flow data, camera images, weather information, and accident reports to enhance understanding and 

prediction capabilities for complex traffic scenarios. 

Parameter scale expansion and domain adaptation: With the continuous increase of parameter scale of large models [35], 

their expression ability and generalization performance have been greatly improved. However, there are still problems 

when the general large model is directly used in specific fields (such as traffic forecasting). In order to solve this problem, 

we can use fine-tuning, adapter layer and domain pre-training to make the large model better adapt to the characteristics 

of traffic data. For example, through continuous training on large-scale traffic historical data, the model's perception ability 

of temporal and spatial patterns can be enhanced, thus improving the prediction accuracy. 

3.2 Adaptation Techniques for Large Models and Time Series 

Discrete coding: traditional deep learning methods usually deal with continuous time series data directly, while large 

models are better at dealing with discrete symbol information. It should be noted that the ultra-long-term forecast refers to 

a time range of more than 15 days. Therefore, we can use the discrete coding technology of time series to convert 

continuous digital data into discrete semantic markers (such as symbolic time segments, interval quantization, etc.) [36], 

which can better adapt to the processing mechanism of large models. This not only helps to improve the model's 

understanding of time series but also enhances its ability to capture sudden abnormal patterns. 

Time-space alignment: The time-space characteristics of traffic data limit the effect of single time series modeling method. 

Therefore, we can use technologies such as contrastive learning and Cross-modal Attention Mechanisms [34] to align traffic 

data with text descriptions and visual information. For example, in intelligent transportation system, comparative learning 

can help us to establish the mapping relationship between sensor data and surveillance video, so that the model can better 

understand complex traffic scenes. 

Prompt Engineering: Those powerful large-scale language models, how strong they are, largely depend on whether we can 

design a good prompt. For example, in the task of traffic forecasting, we can combine the two methods of Few-shot 

Learning and Instruction Tuning [35] to design some tips suitable for traffic scenes, such as "Based on the traffic flow 

patterns of the past 24 hours, Predict the compromise situation for the next 6 hours. ". This method can well guide the 

model to learn professional knowledge, make it smarter and more inferential, and it does not need a lot of labeled data to 

train it. 

 

4. Innovative Methods for Multimodal Fusion 

4.1 Multimodal Data Representation 

Visual-spatio-temporal joint modeling: The data sources of transportation system are very wide, including camera 

monitoring, sensor detection and satellite images. Among them, video data contains rich dynamic information, such as 

traffic density, pedestrian flow patterns and traffic accidents. However, visual information alone is easily disturbed by 

factors such as light and weather. Therefore, multi-modal fusion methods can be adopted, combined with traffic flow 

sensor data (such as speed, traffic flow, occupancy rate), so that the model can more accurately perceive the road running 

state. For example, the Vision-Spatio Temporary Joint Modeling method based on Transformer architecture can extract 

temporal and spatial features from traffic videos and combine them with historical traffic data to improve the perception 

of congestion and abnormal events. 

Text-Semantic Enhancement: Traffic incident detection not only relies on structured data (such as sensor readings), but 

also involves a lot of unstructured text information, such as accident reports from traffic management departments, 

feedback from social media users, and real-time broadcast of navigation systems. These text data can provide additional 

semantic information, such as the cause of the accident, the scope of influence, and the possible duration. Natural language 

processing (NLP) technology, such as pre-trained language models (PLM), BERT or GPT variants, can extract key event 

descriptions from the text and combine them with sensor data, thus improving the accuracy of traffic incident detection 
[40]. For example, when the system detects an abnormal increase in traffic volume on a certain section, it can combine the 

real-time feedback from social media to judge whether an accident or road construction has occurred, thus improving the 

level of traffic management decision-making. 

4.2 Typical Model Architecture 

TransGPT: A Large-Scale Transportation Model Based on Spatiotemporal Unified Encoding 
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TransGPT is the first open-source large transportation model in China. It adopts a **Spatiotemporal Unified Encoding** 

strategy to convert transportation data of different modalities (such as traffic flow sequences, video information, 

meteorological data, etc.) into a unified representation form and then models it through the Transformer architecture. [41][42] 

This method can effectively capture long-term spatiotemporal dependencies and improve the prediction ability of complex 

traffic patterns. For example, in the task of urban road traffic flow prediction, TransGPT can combine historical traffic 

data, road topology information, and sudden event records to achieve more accurate trend prediction, thereby assisting in 

the optimization of urban traffic management. 

MultiPatchFormer: A Traffic Prediction Model Based on Multi-Scale Feature Extraction 

MultiPatchFormer is a deep learning architecture designed for modeling traffic spatiotemporal data, employing a **Multi- 

Scale Feature Extraction** mechanism to adaptively learn traffic patterns at different time granularities [43].Specifically, 

the model divides traffic data into different time windows (e.g., short-term, medium-term, long-term) at the input stage, 

and processes them through Transformer encoders of different scales to capture short-term sudden events and long-term 

trend changes.For instance, in the context of highway traffic flow prediction, MultiPatchFormer can comprehensively 

consider minute-level short-term fluctuations, hour-level tidal commuting patterns, and day-level periodic changes, 

enhancing prediction stability and accuracy. 

 

5. Typical Application Scenarios and Case Studies 

5.1 Traffic Management and Control 

5.1.1 Long-Horizon Traffic Flow Prediction [44] 

Traditional traffic flow forecasting methods can only predict a short time (for example, 5-30 minutes), and it is difficult to 

accurately predict the traffic trend in a long period of time. However, the traffic forecasting method based on the large 

model can make use of historical traffic data, road topology information, weather conditions, social activities and other 

multi-dimensional characteristics to establish a more detailed temporal-spatial dependence, thus improving the accuracy 

of ultra-long-term traffic forecasting. For example, the traffic prediction model based on Transformer can accurately 

predict the traffic flow distribution of main roads and branches a few hours before peak hours, which provides a more 

reliable basis for intelligent dispatching. 

5.1.2 Adaptive Traffic Signal Optimization 

Traditional fixed-duration signal control methods struggle to adapt to real-time traffic flow variations, leading to severe 

congestion at intersections during peak hours and unnecessary waiting times during low-traffic periods. Reinforcement 

Learning (RL)-based traffic signal optimization systems, such as the "City Brain" project, can collect real-time data on 

traffic volume, pedestrian flow, and unexpected incidents at each intersection, and dynamically adjust signal duration and 

phasing strategies to improve traffic efficiency. For instance, in the pilot area of Hangzhou, the intelligent traffic signal 

system, based on large-model predictions of future traffic trends, can dynamically adjust traffic light timing, optimize 

traffic strategies, and improve traffic efficiency by 15%-20%. However, it should be noted that the case study in Hangzhou 

is targeted at urban areas, where traffic conditions are characterized by high volume, complex intersections, and diverse 

participants such as motor vehicles, non-motor vehicles, and pedestrians. This makes it may not be directly applicable to 

rural areas, which typically have lower traffic volume, simpler road structures, and more scattered traffic participants, 

resulting in significant differences in traffic operation patterns. 

5.2 Automated Driving Decision Support 

Multi-modal perception of autonomous driving: autonomous driving relies on many sensors (such as LiDAR, camera, 

millimeter wave radar and GPS) to perceive the surrounding environment, but it is often not enough to use only one sensor 

data. For example, the visual sensor will be affected by factors such as illumination and weather, while LiDAR may have 

blind spots on the surface with strong reflection. Multi-modal fusion technology can combine the advantages of different 

sensors and improve the accuracy of environmental perception. For example, the deep neural network model can integrate 

the LiDAR point cloud and visual data with the Transformer structure, so that information such as vehicles, pedestrians, 

road signs and obstacles can be recognized more accurately, and the perception ability of the automatic driving system is 

stronger. 

DriveGPT4: Explainable Decision Making for Autonomous Vehicles Based on Large Language Models 
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Traditional autonomous driving decision-making systems usually use rule-based or deep reinforcement learning methods, 

but it is difficult for them to explain their decision-making logic, which will lead to safety and trust problems. DriveGPT4 

combines the natural language understanding ability of large models and can generate understandable driving behavior 

analysis in the decision-making process [49]. For example, it can analyze the influence of environmental factors such as 

traffic lights, road signs and pedestrians on current decisions; Give reasons for transparent operation in key scenes such as 

lane changing, overtaking and obstacle avoidance; It can also check whether the behavior is compliant according to the 

traffic rules, making the whole system more credible and understandable. 

For example, at a complex intersection, DriveGPT4 can not only make the best decision based on sensor data, but also 

describe its choice in natural language, such as "I chose to turn left because the lane straight ahead is congested, and the 

traffic light will turn green in 3 seconds", thus enhancing the human-machine collaboration experience. 

5.3 Traffic Safety Warning 

High-Risk Accident Zone Prediction 

The occurrence of traffic accidents is typically influenced by a multitude of factors, including road environment, weather 

conditions, traffic volume, and driving behavior. Traditional methods often rely on statistical analysis of historical accident 

data, while large models, integrating multimodal data (such as weather, surveillance video, GPS trajectories), can construct 

more sophisticated risk assessment models. For example, accident prediction systems based on Transformers [50][51] can: 

Infer the accident risk in a specific area by combining historical accident data and weather factors (such as rainfall, haze, 

and slippery road conditions). 

Identify abnormal driving behaviors (such as sudden braking, speeding, lane deviation) using video data to warn of 

potential dangers in advance. 

By integrating real-time user feedback from social media or navigation systems, dynamically update risk assessment results 

and provide drivers with advance detour suggestions. 

For instance, in highway management, this method can be used to assess the probability of accidents occurring on different 

road sections in real-time. Combined with V2X (vehicle-to-everything) technology, it can provide personalized safety 

alerts to vehicles, reducing the accident rate. 

6. Challenges and Future Directions 

6.1 Key Technical Challenges 

6.1.1 Calculating Costs and Resource Consumption 

Traffic forecasting tasks typically involve ultra-long time series and multi-modal data fusion. Traditional deep learning 

models already have high computational requirements, while the parameter scale of large models grows exponentially, 

leading to a significant increase in inference costs. Furthermore, running large models in the cloud, although computational 

power is sufficient, there are issues with communication overhead, network latency, and data privacy. Deploying large 

models on edge devices (such as intelligent traffic signals, in-vehicle computing platforms) is limited by computational 

resources and storage capacity. 

Solution: Explore edge-cloud collaborative inference strategies [52][53], where complex feature extraction and modeling are 

performed in the cloud, and lightweight inference is performed at the edge, reducing latency and cost. For example, using 

knowledge distillation techniques [54], the knowledge of large models can be transferred to lightweight sub-models, making 

them suitable for efficient computation on roadside units (RSU) or in-vehicle terminals. 

6.1.2 Real-time Requirements and Optimization of Long-Sequence Prediction 

Traffic data is characterized by high-frequency updates and strong timeliness, especially in scenarios such as intelligent 

traffic control and autonomous driving decision-making, which places extremely high demands on the low-latency 

response capability of prediction models. However, current large models face challenges in handling long time series due 

to high memory requirements and exponentially increasing computational complexity, resulting in inference speeds that 

cannot meet the needs of practical applications. 

6.1.3 Direction of Optimization 



VOLUME: 01 ISSUE: 03                                                                               Journal of Cloud Computing and Data Analytics 

81 

 

By employing sparse attention mechanisms [55] (Sparse Attention) or sliding window attention [56] (Sliding Window 

Attention), the computational complexity of the Transformer is reduced, making it more suitable for long sequence 

modeling. 

By employing the Adaptive Time Step modeling method, the prediction granularity is dynamically adjusted based on 

traffic flow variations, reducing redundant computations. 

By integrating streaming inference strategies, we can reduce computational overhead while maintaining prediction 

accuracy, thereby improving system response speed. 

6.1.4 Model Interpretability and Decision Transparency 

While existing large models surpass traditional methods in prediction accuracy, they are often treated as “black box” 

models, making it difficult to provide clear reasoning processes and decision-making bases. This can affect user trust and 

practical application promotion in critical scenarios involving intelligent signal control, accident warnings, and 

autonomous driving decisions. 

6.1.5 Methods to enhance interpretability: 

In conjunction with visualization analysis [57], the model's focus on data at specific time points or spatial regions is presented 

through methods such as Attention Heatmap. 

By introducing a Traffic Knowledge Graph, the predictions made by large models can be mapped to traffic flow theory, 

thereby enhancing their interpretability. 

By employing causal inference techniques, we analyze the contributions of different variables (such as weather, holidays, 

and lane congestion) to traffic flow prediction, providing interpretability support from a causal perspective. 

6.2 Frontier Research Directions 

6.2.1 Federated Learning for Traffic Prediction with Privacy Protection 

As traffic data involves a large amount of personal privacy information (such as vehicle GPS trajectories, camera videos, 

and pedestrian flow data), directly uploading it to the cloud for centralized training poses significant data security risks. 

Federated Learning [61] (Federated Learning, FL) is a **"data stays local" distributed learning paradigm that allows multiple 

edge devices or local servers to collaboratively train models without sharing raw data**, effectively protecting user privacy. 

6.2.2 Future Research Directions: 

Federated training optimization for heterogeneous devices [62]: Currently, different traffic management units and 

autonomous driving manufacturers have different device computing capabilities. This research focuses on how to 

efficiently integrate model parameters from heterogeneous computing nodes to improve the efficiency and accuracy of 

federated learning. 

The integration of Differential Privacy and Secure Multi-Party Computation (SMPC) ensures that data is not subject to 

malicious inference or leakage during federate learning. 

Federated Transfer Learning leverages models trained on existing traffic data to adapt to new traffic patterns in different 

cities or countries, enhancing generalization capabilities. 

6.2.3 Applications for Metaverse and Digital Twin Technologies in Intelligent Transportation 

Metaverse and Digital Twin technologies can build a virtual and real integrated intelligent transportation simulation 

environment, which has broad application prospects in transportation planning, autonomous driving simulation, and 

emergency response drills. For example, Singapore's virtual transportation system has realized holographic simulation of 

urban traffic, which can simulate the impact of different scheduling strategies on actual roads in real time. 

6.2.4 Future Research Directions 

Traffic Prediction and Optimization Based on Digital Twins [63]: By integrating high-precision maps, traffic flow data, 

meteorological information, etc., a virtual traffic environment is constructed, enabling the prediction model to be optimized 

and tested in a near-real simulation environment, thereby enhancing its reliability in real-world scenarios. 
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Automated Driving Simulation Testing: Simulating various complex traffic scenarios (such as sudden accidents, severe 

weather, etc.) in a metaverse environment allows large models to learn richer driving strategies, enhancing the safety of 

autonomous driving systems. 

Optimization of Intelligent Transportation Infrastructure [64]: Utilizing digital twin systems to monitor road usage in real- 

time, optimizing road planning, traffic light timing, and bus route scheduling, thereby improving overall traffic efficiency. 

 

7. Conclusion 

This study systematically reviews the development trends of traffic time series prediction, focusing on large model-driven 

multimodal fusion methods, and delves into the key technical challenges and future research directions currently faced. 

With the growth of large-scale traffic data and the advancement of deep learning technologies, the application potential of 

large models in intelligent transportation is becoming increasingly prominent. However, achieving breakthroughs in terms 

of computational cost, real-time performance, interpretability, data privacy protection, etc., remains a pressing issue that 

needs to be addressed. 

In the future, it is necessary to further promote interdisciplinary integration, combine cutting-edge technologies such as 

artificial intelligence, traffic engineering, edge computing, federated learning, and digital twins to optimize the adaptability 

of large models in intelligent transportation scenarios. In addition, the combination of theoretical research and practical 

application should be strengthened, and the application of large models in core fields such as intelligent traffic management, 

autonomous driving decision-making, and early safety warning should be promoted, so as to help build a more efficient, 

intelligent, safe, and sustainable modern transportation system. 
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