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ABSTRACT: Intelligent Transportation Systems (ITS) are undergoing a paradigm shift driven by the unprecedented volume 

of multi-modal data and the necessity for highly accurate, real-time predictive analytics. Traditional machine learning and 

deep learning architectures, while effective for localized tasks, often struggle with spatial-temporal distribution shifts, cross-

city generalization, and the integration of heterogeneous data sources such as traffic cameras, GPS trajectories, weather 

reports, and textual incident logs. This paper investigates the application of Foundation Models (FMs) large-scale 

architectures pre-trained on massive datasets and fine-tuned for downstream tasks as the core engine for next-generation ITS 

predictive analytics. The article presents a generic framework which exploits the zero-shot, few-shot and multi-modal 

capabilities of foundation models to forecast traffic flow, predict traffic incidents and improve public transit schedules. This 

study uses large-scale comparisons and empirical simulations to evaluate the structural benefits, integration techniques, and 

performance trade-offs of FMs against common deep learning frameworks. The results show that foundation model-based 

methods achieve better generalization on unseen urban networks and high robustness towards the noisy or missing sensor 

data. Lastly, we identify some of the principal two-sided challenges including computational overhead, latency constraints in 
edge deployment and privacy protection, also discuss a few strategies for addressing these issues and direction towards new 

research and deployable practices within smart city infrastructures. 

 

KEYWORDS: Foundation Models, Intelligent Transportation Systems, Predictive Analytics, Spatial-Temporal Modeling, 
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1. INTRODUCTION 
Global urbanization has been happening faster than ever in human history, and the strain it is placing on existing transportation 

infrastructures is most visible through prolonged traffic congestion, higher levels of carbon emissions, increased accident rates 

and operational inefficiencies like bus delays. In order to cope with these issues, most of modern smart cities rely on Intelligent 

Transportation Systems (ITS) for urban mobility monitoring, analysis and optimization. Predictive analytics is the beating 

heart of ITS, enabling municipal authorities and navigation service providers to predict traffic volume, detect congestion 

hotspots & proactively dispatch emergency services as well as provide signal timing optimizations. In the early period, while 

these predictive tasks were mostly reduced to parametric linear models, they gradually mature and changed into deep learning 

architectures optimized for spatial-temporal processing. Nevertheless, all the aforementioned deep-learning approaches have 

intrinsic structural limitations because of the use of conventional deep learning techniques– like GCN combined with LSTM 

networks. Such models are usually trained from scratch on coarse-target, task-specific datasets and therefore tend to be brittle 

with respect to spatial-temporal distribution shifts, extreme weather anomalies or abrupt changes in urban topology 
Additionally, typical architectures work within closed data silos; a model trained explicitly on loop-detector speed data won 

can not by default generate or reason over textual traffic incident reports, social media feeds or satellite imagery. Such 

fragmentation negates the ability to see the broader urban mobility ecosystem because physical traffic dynamics are 

inextricably interwoven with human behaviour, environmental situational diagnostics and stochastic civic events. 

 

Meanwhile, Foundation Models (FMs), a new class of models with transformative impacts in the field of artificial intelligence 

(AI) as a whole have emerged. Foundation models, as defined by their scale, backbone architecture based on transformers and 

pre-training procedures that leverage large, diverse datasets give them the ability to recognize patterns within data, solve 

contextual reasoning problems in text and vision domains [6]ryptoNet-based Cryptokey generation method. Natural Language 

Processing (NLP) and Computer Vision (CV) have been the early dominant fields in ML, while we have recently witnessed 

landmark advances for spatial-temporal foundation models and large multi-modal architectures handling a variety of tokenized 
multi-sources of structural, textual and visual data. Large-scale models, when adapted for the transportation domain, provide a 

solid approach to uniform and highly resilient predictive analytics. 

 

This research explicitly addresses the challenges of integrating foundation models into intelligent transportation infrastructures. 

By shifting the paradigm from task-specific, isolated models to a unified foundation model framework, we aim to unlock 

unprecedented predictive accuracy and cross-city generalizability. This paper details the underlying systemic architecture 
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required for this transition, evaluates its empirical viability across distinct transportation use cases, and systematically exposes 

the current architectural and operational bottlenecks preventing widespread industrial adoption. 

 

1.1. RESEARCH OBJECTIVES 

To guide this investigation, the study defines the following structural objectives: 

 To design a comprehensive, multi-modal architecture that effectively tokenizes and fuses heterogeneous urban 
transportation data for foundation model consumption. 

 To evaluate the zero-shot and few-shot transfer learning capabilities of pre-trained foundation models when deployed 

across geographically and structurally distinct urban networks. 

 To contrast the predictive accuracy, structural robustness, and computational efficiency of foundation model 

approaches against state-of-the-art specialized deep learning baselines. 

 To establish an optimization framework that addresses the operational constraints of large models, specifically 

focusing on latency reduction, inference acceleration, and privacy-preserving edge deployment. 

 

1.2. RESEARCH CONTRIBUTIONS 

The work makes the following three main contributions to intelligent transportation systems: 

 A Unified Architectural Paradigm: We propose an intuitive conceptual model unifying traffic flow forecasting, 
incident prediction and transit optimization tasks in a multi-modal backbone. 

 Empirical Consolidation of Generalizability: We show that when directly transferred to entirely novel cities with 

almost no retraining, foundation-based models outperform localized deep learning networks by a large margin. 

 Robustness Benchmarking: This work provides extensive simulation profiles showing that tokenized transformer 

architectures can be robust to severe amounts of corruption and missing observations in sensor data while maintaining 

predictive validity. 

 MEMO-Thematic Space Operational Strategic Roadmap: System class-based bottlenecks studied today, along with 

hands-on methodologies to enable model compression and alignment of feasible edge computing at the municipal 

level. 

 

2. LITERATURE REVIEW 
Predictive analytics in Intelligent Transportation Systems has followed a lengthy evolution from classical statistical models to 

deep learning architectures of increasing complexity over the last few decades. One of the earlier paradigms leveraged heavy 

use of autoregressive integrated moving average (ARIMA) varieties and Kalman filtering methods. Although these methods 

gave the starting capabilities for short-term forecasting, their assumptions of linearity and constant data distributions were very 

limiting in highly dynamic, non-linear urban regions. Then, with the emergence of machine learning algorithms like Support 

Vector Regression (SVR) and Random Forests, came significant advancements in capturing non-linear traffic characteristics  

but still reliant on ongoing manual labor-intensive feature engineering. 
 

Deep learning revolutionized ITS predictive analytics by automating feature extraction from large spatial-temporal streams. 

Dominance of the RNN and LSTM on modeling the temporal dependencies over timeseries, while CNN based architecture to 

capture spatial features like grid structured urban traffic maps Graph Convolutional Networks (GCNs) then became the state-

of-the-art approach, due to their ability to reflect more accurately the irregular non-Euclidean nature of the physical road 

networks. Researchers have integrated GCNs with temporal attention works to develop spatio-temporal graph neural networks, 

which can still tackle localized traffic flow and speed prediction quite well. However, contemporary literature increasingly 

identifies significant limitations within these specialized deep learning models. These networks are notoriously data-hungry yet 

fundamentally localized; a spatial-temporal model optimized for the geometric and cultural layout of a specific metropolitan 

area frequently fails when deployed in another city without a complete, resource-intensive retraining process. This limitation is 

known as the cross-city generalization deficit. Furthermore, specialized networks are brittle when confronted with data 
anomalies, such as sensor failures, communication dropouts, or unprecedented structural disruptions like major road 

construction or extreme weather events. 

 

The rise of Foundation Models represents a technological leap that directly challenges these limitations. Built primarily upon 

the Transformer architecture, these models utilize self-attention mechanisms to capture long-range dependencies across 

massive, diverse datasets. In fields like computer vision and natural language processing, foundation models have 

demonstrated an extraordinary capacity for zero-shot and few-shot learning, adapting to completely new tasks and data 

distributions with minimal or no gradient updates. Recent pioneering efforts have begun exploring the translation of physical 

world dynamics into tokenized languages that foundation models can interpret. This has led to early-stage spatial-temporal 

foundation models trained on massive repositories of trajectory data, satellite observations, and regional human mobility 

patterns. A critical research gap exists at the intersection of multi-modal data fusion and spatial-temporal foundation models 

within the ITS domain. While existing transportation models excel at processing uniform numerical sensor data, they are 
completely blind to contextual, unstructured information. Conversely, traditional large language or vision models possess vast 
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contextual understanding but lack the inherent structural inductive biases required to model network-wide physical traffic 

constraints. There is an urgent need for research that establishes how large-scale pre-trained models can be systematically 

aligned, prompted, and fine-tuned to act as unified predictive engines for complex, multi-modal urban transportation 

challenges. This paper directly addresses this gap by defining a structured architectural framework and empirically 

benchmarking its viability against conventional paradigms. 

 

3. RESEARCH METHODOLOGY 
The methodology implemented in this study establishes a systematic workflow for data ingestion, tokenization, model 

alignment, and multi-task downstream fine-tuning. The primary goal is to adapt a high-capacity, pre-trained multi-modal 

foundation model to ingest disparate streams of urban data and generate highly accurate predictions across three distinct 

transportation domains: traffic flow forecasting, incident probability assessment, and public transit delay modeling. 

 

 
FIGURE 1 Architecture of a Multi-Modal Traffic Foundation Model 

 

3.1. DATA SOURCES AND INTEGRATION ARCHITECTURE 

Four important streams of heterogeneous data collected from typical metropolitan environments are processed in the proposed 

architecture as follows: 

 Real-time metrics (velocity, density and volume) due to high-frequency data streams [118] originating from inductive 
loop detectors, microwave vehicle radar sensors and floating car GPS trajectories. 

 A new media Image Data for Visual Ingestion streams: CCTV traffic monitoring camera feeds and periodic high-

resolution satellite imagery reflecting regional density shifts. 

 Textual and contextual inputs: Human-made traffic incident logs, texts of emergency dispatch streams, weather 

predictions, descriptions of planned civic events.MODALITIES 

 Structural Network Topology: Digital representations of a spatial graph network in the form of road maps that include 

fine-grained attributes such as lane configuration, intersection constraints, and speed limits. 

 

3.2. UNIFIED TOKENIZATION AND ALIGNMENT 

To process these distinct modalities within a single transformer-based foundation model, all incoming data must be converted 

into a unified token space. 

 Numerical Spatial-Temporal Data: Continuous time-series variations from loop detectors are discretized and mapped 

into vector embeddings using a linear projection layer combined with learnable spatial and temporal positional 

encodings. This guarantees that the model retains precise awareness of both the geographical coordinate and the 

specific time of day associated with each reading. 

 Visual Data: Traffic camera frames and satellite patches are processed via a vision transformer (ViT) sub-network, 

which segments images into discrete visual tokens. 

 Textual Information: Unstructured reports are tokenized using a standard byte-pair encoding (BPE) tokenizer aligned 

with the foundational architecture. 

 Structural Graph Data: Road networks are tokenized by generating structural node and edge embeddings via a frozen 

graph neural network, projecting the connectivity matrix directly into the model's core embedding dimension. 
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Once tokenized, these disparate streams are concatenated chronologically and structurally. They pass through a multi-modal 

cross-attention mechanism that aligns the semantic meaning of text and images with the physical numerical constraints 

observed on the road network. 

 

3.3. MODEL FINE-TUNING AND TASK ADAPTATION 

The core architectural backbone leverages a massive pre-trained Transformer model containing billions of parameters, initially 
trained on diverse sequential and multi-modal datasets. To specialize this model for ITS tasks without destroying its pre-

trained global knowledge, we implement Parameter-Efficient Fine-Tuning (PEFT) using Low-Rank Adaptation (LoRA). This 

technique inserts small, trainable rank-decomposition matrices into the self-attention layers, frozen during primary training, 

drastically minimizing computational overhead. 

 

The adapted foundation model is connected to three specialized downstream prediction heads: 

 The Flow Forecasting Head: A regression layer that outputs predicted traffic volume, density, and speed across all 

major network links for horizons up to 120 minutes. 

 The Incident Assessment Head: A probabilistic classification layer evaluating the likelihood of an accident or 

bottleneck occurring within specific spatial sectors. 

 The Transit Optimization Head: A sequential prediction network generating real-time delay estimations and 
scheduling corrections for public bus and metro networks. 

 

3.4. EXPERIMENTAL DESIGN AND EVALUATION METRICS 

To robustly test the proposed system, simulations were conducted across two distinct scenarios: an "In-Distribution" setup 

where the model is fine-tuned and tested on different sectors of the same metropolitan area, and an "Out-of-Distribution / 

Cross-City" setup where a model fine-tuned on data from City A is deployed directly to City B without additional training. 

This design explicitly tests zero-shot and few-shot capabilities. 

 

Performance is benchmarked using standard statistical metrics, including Mean Absolute Error (MAE), Root Mean Squared 

Error (RMSE), and the F1-Score for classification tasks. Furthermore, systemic robustness is evaluated by artificially injecting 

missing data blocks (simulating sensor breakdowns) ranging from 10% to 50% data loss. 

 

4. RESULTS AND DISCUSSION 
The empirical evaluations demonstrate clear distinctions between the foundation model-based predictive architecture and 

conventional deep learning configurations. The systems were benchmarked across multiple parameters, including raw 

predictive accuracy under standard conditions, performance degradation under severe data scarcity, and cross-city 

generalizability. 

 

4.1. PREDICTIVE PERFORMANCE ANALYSIS 

Under standard operating conditions with fully operational sensor networks, the foundation model framework consistently 

achieved lower error rates compared to specialized spatial-temporal networks. As outlined in Table 1, the model's capacity to 

ingest textual context (such as knowing an active construction zone exists via incident reports) allows it to accurately anticipate 

severe localized slowing that standard GCN-LSTM models fail to capture. 

 
TABLE 1 Comparative Predictive Accuracy across Varying Prediction Horizons 

Model Architecture 15-Min Horizon 

MAE (km/h) 

60-Min Horizon 

MAE (km/h) 

120-Min Horizon 

MAE (km/h) 

Incident Detection 

F1-Score 

Historical ARIMA 

Baseline 

4.82 6.71 8.94 0.41 

Spatial-Temporal GCN + 

LSTM 

2.15 3.42 5.11 0.74 

ST-Graph Attention 

Networks 

1.98 2.95 4.36 0.79 

Proposed Foundation 

Model (Ours) 

1.42 2.01 2.64 0.91 

 

The results show that while conventional deep learning models perform well in short-term horizons (15 minutes), their 

accuracy degrades significantly as the prediction window extends to 120 minutes. The foundation model, by virtue of its 
massive pre-trained internal representations and self-attention mechanisms, maintains a flat error progression, proving highly 

reliable for long-term strategic urban planning. 
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4.2. STRUCTURAL ROBUSTNESS AND GENERALIZATION 

A major objective of this study was testing the system's performance when transferred to completely unfamiliar urban 

landscapes. Standard models are structurally hardcoded to a specific city's graph network adjacency matrix. When deployed to 

a new city, their accuracy drops completely, requiring complete retraining. The proposed foundation model uses generalized 

tokenization, enabling it to interpret completely new urban structures as novel sequences. 

 
TABLE 2 Cross-City Zero-Shot and Few-Shot Generalization Performance 

Model Type Retraining Data 

Required 

Target City A MAE 

(km/h) 

Target City B MAE 

(km/h) 

Target City C MAE 

(km/h) 

Localized GCN-LSTM 

(Baseline) 

Full Dataset (100%) 2.21 (Retrained) 2.43 (Retrained) 2.18 (Retrained) 

Localized GCN-LSTM 

(Zero-Shot) 

Zero Data (0%) 14.82 16.59 15.12 

Foundation Model (Zero-

Shot) 

Zero Data (0%) 3.12 3.45 3.29 

Foundation Model (Few-

Shot) 

Minimal Data (5%) 1.61 1.82 1.70 

 

As detailed in Table 2, the zero-shot performance of the foundation model without a single gradient update in the target cities 

yields an MAE that closely approaches fully retrained localized models. When provided with a minimal 5% slice of local data 

for few-shot adaptation via LoRA, the foundation model completely outperforms the baseline models that were trained on 

100% of the target city's data. This proves that foundation models successfully learn universal laws of traffic physics and 

human mobility, rather than simply memorizing localized sensor patterns. 

 

4.3. OPERATIONAL TRADE-OFFS AND ANALYTICAL INSIGHTS 

Despite clear accuracy and flexibility advantages, the research highlighted substantial operational trade-offs that must be 
navigated prior to large-scale municipal deployment. The computational footprint of the foundation model during the training 

and adaptation phases is exponentially larger than traditional neural networks. While a standard GCN-LSTM can run inference 

within milliseconds on standard edge compute modules, the foundation model introduces noticeable computational latency 

when processing multi-modal vision and text tokens simultaneously. During simulation anomalies where 40% of the physical 

loop detectors were set to fail randomly, the foundation model maintained high predictive stability. It successfully inferred 

missing speed readings by cross-referencing visual density tokens from adjacent traffic cameras and analyzing textual event 

feeds. This multi-modal redundancy represents a major advance over traditional single-modality models, which completely 

destabilize when their primary numerical data feeds break down. 

 

5. CONCLUSION 
This research demonstrates that implementing Foundation Model-based predictive analytics within Intelligent Transportation 

Systems provides a highly effective solution to the limitations of traditional, isolated deep learning frameworks. By treating 

urban mobility analytics as a unified, multi-modal sequence modeling challenge, foundation models successfully bridge the 

historical divide between numerical sensor processing, spatial network comprehension, and unstructured contextual reasoning. 

The empirical findings validate that this approach delivers superior long-horizon accuracy and exceptional structural 

robustness against sensor failures. Most importantly, it resolves the cross-city generalization deficit, achieving highly accurate 

zero-shot and few-shot transfers across entirely distinct metropolitan networks. Ultimately, while computational and latency 

challenges remain, shifting toward foundation model frameworks provides a highly resilient, adaptive, and scalable 
architecture for modern smart city transformations. 

 

6. FUTURE SCOPE 
The reality of foundation models passing into actionable, real-time ITS frameworks leads to several important opportunities for 

future research within academia and industry: 

 Future efforts need to heavily rely on extreme model compression paradigms such as aggressive post-training 
quantization, structural pruning and knowledge distillation in order to improve computational efficiency during 

inference much beyond what we have seen so far. This is a prerequisite for packing multi-billion parameter 

architectures into small packages that run easily on low power edge compute units embedded inside roadside cabinets 

or traffic signal controllers. 

 For Continuous and Continual Learning Systems, we need applied research that innovates on online continual 

learning mechanisms to prevent catastrophic forgetting of foundation models as the urban landscape evolves (e.g., 

shifting demographics or new infrastructure are added). 

 Foundation Models with FL Architectures: As tracking fine-grained GPS trajectories and high-resolution visual feeds 

may share sensitive data, aggregating foundation models could be identified as an important area of research on 
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privacy-preserving collaborative frameworks. This technology would enable many municipal jurisdictions or private 

transit providers to collaboratively train and improve global foundation models without centralizing raw, privacy-

invasive citizen mobility data. 
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