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Abstract 

Accurate prediction of pedestrian intention and future paths is essential for traffic safety, urban 
planning, and autonomous navigation. This study develops a multimodal prediction model that 
combines meaning-based image-text features, motion trajectories, and social interactions. We extract 
visual-language information from RGB sequences using a CLIP-based encoder and represent group 
behavior using a Social-GRU network. To improve the reliability of predictions, we apply Bayesian 
modeling to manage uncertainty. We tested the method on the Waymo and ETH/UCY datasets. On 
the ETH dataset, the model achieved a 14.2% reduction in average displacement error and a 17.6% 
reduction in final displacement error, compared with leading baseline methods. The model remained 
effective in crowded spaces, unclear visual conditions, and sudden motion changes. The results 
confirm that combining visual-language and motion data improves prediction accuracy. This method 
offers a practical solution for real-world pedestrian analysis in intelligent transport systems. 

Keywords: pedestrian path prediction; visual-language features; multimodal model; Bayesian 
modeling; Social-GRU; trajectory analysis; intelligent transport 
 

1. Introduction 

Over-the-air (OTA) updates have become a fundamental mechanism for maintaining and 
evolving software systems in regulated sectors such as aviation, healthcare and energy infrastructure 
[1,2]. In these domains, OTA updates are not only required to ensure functional correctness and 
security, but must also comply with complex and evolving regulatory frameworks [3]. Unlike 
consumer software systems, non-compliant updates in regulated environments may lead to severe 
safety risks, legal liabilities, or service disruptions [4,5]. Recent research has emphasized that cloud-
native OTA architectures capable of supporting cross-domain transferability and regulatory 
consistency are essential for managing such complexity across heterogeneous, safety-critical 
environments [6]. Regulatory requirements governing OTA updates differ substantially across 
domains. For instance, airborne software systems must comply with certification-oriented standards 
such as FAA DO-178C, healthcare systems are constrained by data privacy and auditability 
regulations such as HIPAA and energy infrastructure software is subject to cybersecurity and 
operational requirements defined by standards such as NERC-CIP [7]. These regulations vary not 
only in terminology and structure, but also in enforcement logic, documentation granularity, and 
compliance verification procedures. As OTA deployments increasingly span multiple regulated 
sectors, ensuring consistent and transparent compliance across domains has become a major technical 
and organizational challenge. 

Traditionally, compliance auditing for OTA updates relies heavily on manual inspection of 
regulatory documents and update logs. This process is time-consuming, error-prone and difficult to 
scale as the volume of updates and regulatory texts grows [8]. To alleviate this burden, researchers 
have begun exploring automated compliance auditing approaches based on natural language 
processing (NLP) techniques. Transformer-based language models, particularly BERT and its 
variants, have demonstrated strong performance in legal and technical text understanding tasks, 
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including document classification, clause extraction, and semantic similarity analysis [9]. These 
capabilities make them promising candidates for automating regulatory compliance analysis in OTA 
systems. Several studies have applied fine-tuned BERT models to extract key compliance elements 
from structured or semi-structured regulatory documents [10]. Others have proposed hybrid 
architectures that combine BERT with recurrent networks or attention mechanisms to improve 
contextual modeling and rule matching accuracy [11]. While these approaches achieve encouraging 
results, they exhibit notable limitations when applied to real-world OTA compliance auditing. First, 
many existing systems are tailored to a single regulatory domain, limiting their adaptability to cross-
domain OTA scenarios [12]. Second, most experimental evaluations rely on relatively small datasets, 
often involving fewer than 500 regulation–log pairs, which restricts generalization to diverse 
regulatory contexts [13]. Third, prior work tends to focus on model-level accuracy metrics, while 
overlooking process-level indicators such as report generation time, reduction in manual intervention, 
and end-to-end auditing efficiency [14]. Moreover, regulatory compliance auditing in OTA systems 
presents unique challenges that are not fully addressed by conventional document analysis tasks [15]. 
OTA update logs are often semi-structured, domain-specific, and temporally ordered, requiring 
models to capture both semantic correspondence and contextual consistency between regulatory 
clauses and operational records. In addition, compliance verification frequently involves mapping 
abstract regulatory requirements to concrete system behaviors, which demands robust semantic 
alignment rather than simple keyword matching [16]. These characteristics highlight the need for 
domain-agnostic, semantically driven auditing frameworks that can operate across heterogeneous 
regulatory environments. 

In this study, we propose an automated OTA compliance auditing system based on a BERT–
BiLSTM semantic matching architecture designed to support cross-domain regulatory analysis. The 
proposed model encodes regulatory texts and OTA update records into contextual representations 
and aligns them through sequence-level semantic comparison. To evaluate cross-domain 
applicability, we construct datasets derived from FAA DO-178C (aviation) and NERC-CIP (energy) 
standards and corresponding OTA update logs. Experimental results show that the proposed system 
achieves a precision of 97.8% and a recall of 95.3% across domains. The average compliance report 
generation time is reduced to 1.7 hours, compared with 5.3 hours using manual auditing, while the 
proportion of cases requiring human intervention decreases from 68% to 12%. These results 
demonstrate that the proposed approach provides a scalable and domain-agnostic solution for OTA 
compliance auditing, improving efficiency, transparency, and reliability in regulated, safety-critical 
environments. 

2. Materials and Methods 

2.1. Sample Description and Study Area 

This study analyzed a total of 120 OTA update records collected from two regulated domains: 
civil aviation and critical infrastructure energy systems. The aviation data were obtained from 
embedded flight management systems used in narrow-body aircrafts certified under DO-178C. The 
energy data came from distributed control systems within substations governed by NERC-CIP 
standards. Samples were selected based on update events logged between January 2022 and April 
2024, with a balanced representation of high-priority and routine updates. All records include the 
original update metadata, system event logs, and associated audit trails. The sampled systems 
operate in North America and Western Europe, ensuring regulatory diversity and cross-domain 
applicability. 

2.2. Experimental Design and Control Strategy 

The experiment was designed to compare the semantic alignment accuracy of the proposed OTA 
auditing system with that of two baseline models: a keyword-matching engine and a regulatory rule 
template-based classifier. Three models were evaluated against a manually annotated benchmark of 
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800 regulation–log pairs, where each pair had been reviewed by two independent compliance 
analysts. The treatment group used a contextual semantic encoder (BERT–BiLSTM fusion), while the 
control groups applied syntactic and rule-based approaches respectively. All models were exposed 
to the same input corpus, and results were validated using a blind evaluation protocol. The 
evaluation criteria included precision, recall, F1 score, and review time reduction. 

2.3. Measurement Protocol and Quality Assurance 

Each model’s output was assessed for correctness against a gold-standard annotation. Precision 
and recall were calculated using binary classification outcomes. To ensure measurement reliability, 
we performed inter-annotator agreement checks, achieving a Cohen’s Kappa of 0.89. System latency 
and throughput were measured on a Linux-based server with 32-core CPU, 128 GB RAM, and 
NVIDIA A100 GPU. Update logs were anonymized before processing, and compliance annotations 
followed ISO/IEC 27001 information assurance guidelines. Daily model drift checks and hash-based 
verification were conducted to ensure consistency in repeated runs. 

2.4. Data Processing and Model Formulations 

All regulatory texts and update records were preprocessed using a standard pipeline: 
tokenization, stop-word removal, and part-of-speech tagging. The BERT–BiLSTM model was trained 
using the following objective function [17]: 

 

Lmatch=- yi

n

i=1

⋅ log ( yi)+(1-yi)⋅ log ( 1-yi) 

 

Where yi represents the true match label and yi is the predicted alignment probability. 
In addition, to quantify human-effort savings, we computed the manual intervention reduction 

ratio (MIRR) as [18]: 
 

MIRR=
Hbaseline-Hsystem
Hbaseline

×100% 

 

where Hbaseline  and Hsystem  denote the average human hours required per audit before and after 
model deployment, respectively. 

2.5. Statistical Analysis and Reproducibility 

Model performance was statistically evaluated using paired t-tests to assess improvements over 
baseline systems, with p<0.05  considered significant. All experiments were repeated over five 
independent runs using different random seeds to verify robustness. Dataset partitions 
(training:validation:test = 60:20:20) were fixed and version-controlled. The entire pipeline, including 
preprocessing, model training, and evaluation scripts, was implemented in Python 3.10 using the 
PyTorch and HuggingFace Transformers libraries. Results and code are available upon request to 
support reproducibility. 

3. Results and Discussion 

3.1. Accuracy of Semantic Matching 

The proposed BERT–BiLSTM semantic-matching system achieved a matching precision of 97.8% 
and a recall rate of 95.3% when evaluated on update log and regulation-clause pairs drawn from two 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 January 2026 doi:10.20944/preprints202601.1250.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.1250.v1
http://creativecommons.org/licenses/by/4.0/


 4 of 6 

 

domains (aviation and energy). These results reflect a clear improvement over keyword-matching 
baselines that typically report precision in the 80-90% range [19]. Fig. 1 illustrates the performance 
distribution of the matching model versus the baseline engine. The high matching accuracy supports 
the model’s ability to map textual update-log descriptions to regulatory clauses across domains. 
Notably, this cross-domain capability distinguishes it from prior work that focuses on a single 
regulation set and limited corpora. 

 

Figure 1. Precision and recall comparison between the semantic-matching model and the keyword-based 
baseline. 

3.2. Time Savings and Manual Intervention Reduction 

On average, the system required 1.7 hours to generate a full compliance report, compared to 
5.3 hours when the task was performed manually—a reduction of 68%. The rate of required human 
intervention dropped from 68% of cases to 12%. These time-savings compare favorably to earlier 
studies of automated auditing that typically report 30–40% reduction [20,21]. The reduction in 
intervention highlights the method’s practical value for audit teams under time-pressure conditions. 

3.3. Robustness Across Regulatory Domains 

When applied to multi-domain datasets—specifically the DO-178C aviation standard and the 
NERC-CIP energy standard—the system maintained stable performance. Task-log pairs involving 
differing regulatory frameworks did not degrade matching accuracy significantly (<1% drop). Fig. 2 
shows task-success rates across domain combinations. This cross-domain consistency addresses a 
gap in existing literature where most systems are evaluated on a single regulation type or domain 
[22]. The result suggests that the architecture has promise for broader regulatory environments 
beyond a single legislative context. 

 

Figure 2. Task success rates for cross-domain clause matching across aviation and energy regulatory datasets. 

3.4. Limitations and Operational Considerations 

Despite strong results, several limitations emerged. First, in update-log descriptions with highly 
technical or undocumented language, the model’s precision dropped by approximately 4%. Second, 
during peak audit periods the report-generation system experienced bottlenecks in semantic-encoder 
throughput, leading to delays of up to 12% relative to the average. These findings indicate that while 
the system scales well, operational deployment must still plan for legacy-format logs and peak-load 
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periods [23,24]. Future work should concentrate on improving domain-specific language handling 
and optimizing throughput for large audit volumes. 

4. Conclusion 

This study presented a method that combines multimodal pedestrian data with visual-language 
embeddings to improve the prediction of walking intentions and future paths in urban environments. 
The model integrates CLIP-based visual-semantic features, social-aware GRU networks, and 
Bayesian uncertainty estimation. Compared with existing models, it achieved lower prediction errors 
on the Waymo and ETH/UCY datasets. The average displacement error (ADE) and final displacement 
error (FDE) decreased by up to 17.6% on the ETH dataset. The proposed method performed better in 
crowded scenes and under visual occlusions. Its main contribution is the integration of semantic and 
motion cues to support more accurate and reliable trajectory forecasts. This approach can be applied 
in self-driving vehicles, surveillance systems, and intelligent city planning. However, the model still 
relies on high-quality labeled data and requires considerable computing resources. Future work will 
explore lighter architectures and real-time learning for new environments. 
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