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Abstract

Railway scene understanding is critical for ensuring train operational safety and advancing
intelligent railway systems. Existing railway vision methods mainly focus on perception
and classification, while lacking regulation-guided semantic reasoning capabilities in com-
plex environments. To address these limitations, this paper proposes a retrieval-augmented
generation (RAG)-enhanced vision–language framework for railway signal cognition and
safety reasoning. The proposed method integrates railway signal perception, regulatory
knowledge retrieval, and multi-modal reasoning to improve factual consistency, reasoning
reliability, and operational interpretability. In addition, a dedicated railway signal dataset
comprising 500 standardized railway scene images with structured QA annotations is
constructed to support regulation-oriented multi-modal recognition evaluation. Exper-
imental results show that the proposed framework improves reasoning accuracy from
28.40% to 67.20% with an average end-to-end inference latency of 11.31 s per sample, and
the inference speed can be further improved by adjusting experimental configurations to
trade off between efficiency and accuracy, demonstrating the potential of RAG-enhanced
architectures as a foundational step toward reliable multi-modal cognition in intelligent
railway systems.

Keywords: railway safety; railway signal; retrieval-augmented generation; vision–language
model

1. Introduction
Railway transportation is a safety-critical system in which train operation decisions

depend heavily on signal indications, track conditions, and surrounding environments [1,2].
Among various perception modalities, front-view visual information provides the most
direct observation of railway operational states, especially railway signal indications, track
conditions, and surrounding infrastructure [3]. In practical train driving scenarios, accurate
signal cognition is closely related to operational safety and dispatching efficiency [4].
Therefore, reliable railway signal cognition from front-view visual scenes has become a key
problem in intelligent railway systems.

It should be noted that railway safety reasoning poses fundamentally different chal-
lenges compared to general road transportation, as it demands strict, rule-constrained
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decision-making where reasoning results must be deterministically mapped to precise
regulatory clauses to ensure compliance with railway safety operational requirements.

Traditional railway visual analysis methods primarily rely on handcrafted features,
rule-based systems, or conventional deep learning models [5]. While these approaches
can perform acceptably in constrained environments, they still show limited robust-
ness and insufficient semantic understanding under complex railway conditions [6].
To overcome similar robustness limitations, researchers have increasingly adopted domain-
guided and data-driven modeling approaches in other physically complex and safety-
critical applications, such as constraint-embedded data-driven prediction in transportation
infrastructure [7], physically constrained neural network architectures for geophysical in-
verse problems [8], and deep feature learning for complex spatial pattern recognition
in seismic interpretation [9]. Building on this broader trend of domain-aware cogni-
tion. Similarly, in safety-critical robotic and estimation systems, knowledge-informed
trajectory planning combining expert demonstration encoding with real-time safety
constraints [10], and physics-constrained adaptive estimation frameworks with domain-
dynamics priors [11], have demonstrated the effectiveness of integrating structured domain
knowledge with explicit constraint mechanisms to ensure reliable system outputs. Recent
advances in computer vision and deep learning have significantly improved railway per-
ception tasks, including object detection, scene segmentation, and signal recognition [12].
However, most existing studies still focus primarily on visual perception and classification
tasks [13], with limited attention to high-level semantic reasoning and explicit integra-
tion with railway operational regulations. Consequently, these methods are difficult to
directly support safety-oriented operational cognition, where visual observations need to
be interpreted together with railway regulations.

Recently, large language models (LLMs) and vision–language models (VLMs) have
demonstrated strong multi-modal understanding and reasoning capabilities [14–16].
By combining visual perception with semantic reasoning, these models provide new oppor-
tunities for intelligent railway scene cognition. Nevertheless, applying these general models
to safety-critical railway scenarios still faces several limitations. First, publicly available rail-
way datasets suitable for regulation-oriented signal cognition remain extremely limited [17].
Second, due to their reliance on general-purpose corpora, current large models often lack
explicit knowledge of railway operational regulations and signaling rules, which limits
their reliability in safety-critical scenarios [14]. Third, existing multi-modal approaches
mainly emphasize standard visual-language alignment while neglecting standardized rail-
way signal semantics and regulation-grounded reasoning mechanisms [18,19]. To address
similar knowledge gaps, existing studies in broader transportation scenarios have shown
that external knowledge augmentation can significantly improve reasoning consistency
and contextual understanding [18,20,21]. However, how to effectively integrate structured
railway regulations into multi-modal reasoning frameworks remains an open challenge.

To address these issues, this study proposes a retrieval-augmented generation (RAG)-
enhanced vision–language framework for railway signal cognition and safety reasoning
in train driving scenarios. The proposed framework integrates railway signal percep-
tion, regulatory knowledge retrieval, and vision–language reasoning to support signal
understanding and operational risk analysis. In particular, this work constructs a dedi-
cated railway signal dataset with standardized signal representations and introduces a
regulation-guided retrieval-augmented reasoning mechanism based on the Railway Tech-
nical Management Regulations [22]. By combining visual signal cognition with domain
knowledge retrieval, the proposed framework aims to improve reasoning reliability, factual
consistency, and operational interpretability in complex railway environments.

The main contributions of this work are summarized as follows:
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• Propose a RAG-enhanced railway signal cognition framework that integrates vision–
language reasoning with railway operational regulations, enabling regulation-guided
signal understanding and safety reasoning in train driving scenarios.

• Construct a dedicated railway signal dataset with standardized signal representations
and structured QA annotations, addressing the lack of publicly available datasets for
regulation-oriented railway signal cognition.

• Design a multi-level evaluation benchmark covering retrieval quality, reasoning ac-
curacy, end-to-end latency, per-sample processing time, and system reliability, vali-
dating the effectiveness and robustness of the proposed framework in complex rail-
way environments.

2. Related Work
2.1. Machine Vision and Multi-Modal Perception for Railway Systems

Machine vision has been widely used in intelligent transportation systems and railway
monitoring tasks, including object detection, infrastructure inspection, behavior analysis,
and operational state estimation [23,24]. However, complex railway environments and
uncertain operating conditions expose the limitations of traditional single-modal perception
frameworks, which has motivated the development of multi-modal collaborative perception
methods [25].

Recent studies have shown that integrating heterogeneous sensing modalities, such
as cameras, LiDAR, and radar, can substantially improve perception robustness under
adverse weather and low-visibility conditions [25,26]. For example, Huang et al. proposed
the V2X-R dataset and a multi-modal diffusion-denoising framework to maintain stable
perception performance in foggy and snowy environments, demonstrating the potential of
multi-modal fusion and generative modeling for all-weather transportation perception [25].

Beyond spatial perception, temporal modeling techniques have also been introduced
to capture dynamic operational states from sequential observations [27,28]. Samani et al.
employed BiLSTM networks to estimate railway infrastructure conditions from train vi-
bration responses, showing the feasibility of deep temporal models for railway structural
health monitoring and operational safety analysis [27].

Beyond railway-specific methods, recent advances have also addressed robust fea-
ture learning under varying scene complexities through domain transform strategies [29],
and explored mask-guided multi-modal fusion mechanisms that selectively integrate
complementary information across modalities [30], both of which provide relevant method-
ological references for railway scene cognition under complex operating conditions.

Overall, existing studies indicate that railway perception is gradually evolving from
isolated visual sensing toward multi-modal and temporally-aware cognition frameworks
with enhanced environmental robustness and operational reliability.

2.2. Large Language Models and Vision–Language Models in Transportation

The emergence of foundation models, including CLIP, SAM, large language models
(LLMs), and vision–language models (VLMs), has promoted the development of intelligent
transportation systems from conventional closed-set perception toward open-vocabulary
understanding, semantic reasoning, and decision-oriented cognition [12,18,31,32]. Existing
studies suggest that such models can alleviate data scarcity and limitations in semantic rep-
resentation, while enabling transportation systems to evolve from deterministic perception
pipelines toward multi-modal and reasoning-aware intelligent frameworks [25,33].

Consequently, recent research increasingly emphasizes planning-aware perception
and reasoning-guided decision support rather than isolated object detection and scene
recognition [34]. In autonomous driving, planning-oriented perception architectures have
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been proposed to directly couple scene understanding with downstream decision-making
processes [12]. Hu et al. incorporated planning constraints into end-to-end perception and
prediction frameworks, enabling perception outputs to directly support motion planning
tasks [12]. These studies reflect a broader transition from perception-centered systems
toward cognition-oriented intelligent frameworks.

At the multi-modal level, VLMs further integrate visual scene understanding with
rule-aware semantic reasoning through language-space representations [18,35]. These
models can encode causal relationships, operational logic, and high-level semantic infor-
mation beyond conventional visual features [36]. Wang et al. proposed the OmniDrive
dataset and a dual-path agent framework that aligns visual perception with trajectory-
level planning signals, showing the potential of multi-modal reasoning for transportation
decision-making [18].

Overall, existing studies suggest that intelligent transportation systems are evolving to-
ward trustworthy multi-modal reasoning frameworks emphasizing interpretability, factual
grounding, and operational safety [36]. Nevertheless, effectively integrating multi-modal
reasoning with strict railway operational constraints remains an open challenge [37].

While the above studies demonstrate the potential of foundation models for intelligent
transportation, it is important to note that autonomous driving primarily focuses on
dynamic spatial planning and trajectory-level decision-making, where approximate or
probabilistic reasoning is often acceptable. In contrast, railway cognition must prioritize
strict, deterministic mapping of visual signal combinations to rigid regulatory codes, where
any ambiguity or hallucination in the reasoning chain may directly compromise operational
safety. This fundamental difference necessitates a unique, highly constrained reasoning
architecture that goes beyond conventional planning-oriented perception frameworks,
motivating the regulation-grounded approach proposed in this work.

Nevertheless, while autonomous driving primarily focuses on dynamic spatial plan-
ning where approximate reasoning is often acceptable, railway cognition demands strict,
deterministic mapping of visual signal combinations to precise regulatory clauses, as any
hallucination in the reasoning chain may directly compromise operational safety. This fun-
damental difference motivates the regulation-grounded reasoning architecture proposed in
this work.

2.3. Knowledge-Enhanced Multi-Modal Reasoning for Transportation

In traditional railway safety systems, Automatic Train Protection (ATP) and interlock-
ing logic enforce predefined speed limits and route conflict resolution through hardware-
based rules. While these systems provide reliable safety guarantees under normal operating
conditions, they operate on rigid rule sets and cannot adapt to novel or ambiguous visual
scenarios beyond their predefined scope. This limitation motivates the development of
intelligent cognition systems capable of reasoning with flexible domain knowledge to
complement traditional safety mechanisms.

Despite their strong multi-modal understanding capabilities, vision–language models
(VLMs) still suffer from reliability and hallucination issues in safety-critical transportation
scenarios, particularly when interpreting complex situations involving signal abnormalities,
track occupancy, and emergency events [21,38]. To improve reasoning robustness and
interpretability, recent studies have increasingly integrated retrieval-augmented generation
(RAG) and external knowledge into multi-modal reasoning frameworks [39].

In intelligent transportation systems, knowledge-enhanced reasoning has emerged as
an effective approach for grounding model decisions in domain regulations and operational
rules [40]. For example, SafeDriveRAG incorporates traffic regulations and driving manuals
into a retrieval-augmented reasoning pipeline through heterogeneous multi-modal knowl-
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edge graphs, significantly improving reasoning reliability in complex driving scenarios [21].
Similarly, SlowFastVAD introduces retrieval-based knowledge augmentation for video
anomaly detection by leveraging repositories of normal and abnormal operational pat-
terns, thereby enhancing anomaly discrimination and reducing hallucination-induced false
alarms [41,42].

SafeDriveRAG prioritized semantic consistency as its core evaluation focus, employ-
ing SEMScore alongside classification accuracy to compose a composite SafeDrive Score,
with subgraph retrieval time serving as a supplementary metric for retrieval efficiency.
SlowFastVAD centered evaluation on detection accuracy and inference speed as its primary
metrics, while relying on qualitative visualization for interpretability assessment. These
two contrasting evaluation paradigms, emphasizing generation quality and detection ef-
ficiency respectively, motivate the multi-dimensional evaluation benchmark proposed in
this work, which jointly assesses retrieval quality, reasoning accuracy, inference efficiency,
and system reliability.

In the railway domain, increasing attention has been devoted to constructing struc-
tured knowledge repositories that encode operational regulations, maintenance standards,
emergency procedures, and safety management rules [43]. Such domain-specific knowl-
edge provides an important foundation for regulation-aware multi-modal reasoning and
decision support in complex railway environments [44]. Nevertheless, existing studies
primarily focus on knowledge management or retrieval, while the integration of railway
knowledge with multi-modal perception and interpretable reasoning remains insufficiently
explored. Developing reliable, explainable, and regulation-grounded cognitive frameworks
therefore remains a critical challenge for intelligent railway systems [33,36].

3. Methodology
3.1. Problem Analysis and Overall Framework

Train driving safety highly depends on accurate understanding of railway signals,
track conditions, and surrounding environments from front-view driving scenes. Existing
railway perception methods mainly focus on visual recognition and predefined rule match-
ing, which often lack high-level semantic reasoning and explicit integration with railway
operational regulations. As a result, their reliability and interpretability remain limited in
complex safety-critical scenarios.

To address these challenges, this study proposes a retrieval-augmented vision–
language cognition framework for railway signal understanding and safety reasoning.
The framework integrates multi-modal perception with external railway regulatory knowl-
edge to support regulation-grounded operational analysis. As illustrated in Figure 1,
the proposed framework consists of four main stages: visual perception, knowledge re-
trieval, multi-modal reasoning, and decision arbitration. First, a vision–language model
extracts semantic information from front-view railway scenes. Relevant operational reg-
ulations are then retrieved from an external knowledge base through semantic retrieval.
The visual observations and retrieved regulations are jointly incorporated into multi-modal
reasoning to infer operational states and safety risks. Finally, a verification and voting
mechanism is introduced to improve reasoning consistency and reliability.

The proposed framework establishes an end-to-end pipeline from railway scene
perception to interpretable safety decision-making, providing regulation-guided multi-
modal cognition for intelligent railway systems.
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Figure 1. Technical Route of the RAG-Enhanced Railway Safety Cognition Framework.

3.2. Retrieval-Augmented Knowledge Architecture

To provide explicit regulatory knowledge support for railway safety reasoning, this
study designs a retrieval-augmented knowledge architecture that integrates railway opera-
tional regulations into the multi-modal cognition pipeline. The architecture aims to bridge
visual scene understanding with regulation-grounded operational semantics.

3.2.1. Vector Knowledge Base Construction

The Railway Technical Management Regulations [22] are adopted as the primary external
knowledge source, where signal-related operational rules are selected as the core knowledge
domain. During preprocessing, regulation documents are normalized and segmented into
semantically independent text chunks while preserving the original rule structure and
semantic integrity.

All regulation chunks are encoded into dense semantic embeddings using the BGE-
large-zh-v1.5 model and stored in ChromaDB [45] for semantic retrieval. Besides vector
representations, each chunk is associated with structured metadata, including rule identi-
fiers and source information, enabling regulation traceability during downstream reasoning.
The resulting vector knowledge base supports scalable semantic retrieval and dynamic
regulation updates for different railway deployment scenarios.

3.2.2. Semantic Retrieval and Knowledge Injection

Given a railway scene query, the retrieval module performs semantic matching be-
tween scene descriptions and regulation embeddings to identify the most relevant opera-
tional rules. Retrieved regulations are filtered through similarity constraints to suppress
semantically irrelevant knowledge and improve retrieval precision.

The retrieved regulations are subsequently organized into structured prompts and
injected into the multi-modal reasoning process as external knowledge constraints. In this
way, the reasoning model no longer relies solely on internal parametric knowledge, but in-
stead performs operational inference under explicit regulation guidance. Consequently,
railway signal understanding and operational analysis become traceable to external reg-
ulatory knowledge, improving factual consistency and interpretability in safety-critical
railway scenarios.

3.3. Multi-Path Consensus Reasoning for Railway Scene Understanding

Building upon the retrieved regulatory knowledge, we develop a multi-path consensus
reasoning framework for reliable railway safety assessment.
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Firstly, visual observations and retrieved regulations are jointly provided to a vision–
language model, enabling end-to-end reasoning from scene perception to operational
decision-making without introducing information loss caused by intermediate symbolic
abstraction. Considering both reasoning capability and deployment efficiency, Qwen2.5-
VL-3B-Instruct is adopted as the reasoning backbone.

Each reasoning result is represented in a structured JSON format containing
three fields: Analysis, which records the reasoning process; Rule_Applied, which identifies
the referenced regulation; and Action, which specifies the inferred operational instruc-
tion. This structured representation provides a unified basis for subsequent verification
and arbitration.

To improve decision robustness, the framework employs multi-path parallel reasoning
rather than relying on a single model output. Multiple reasoning paths are independently
generated under low-temperature sampling settings, producing diverse yet regulation-
constrained interpretations of the same scene. Then, consensus voting is performed over
all valid reasoning paths. When all reasoning paths yield identical operational instructions,
the corresponding operational instruction is directly selected as the final result. When
inconsistencies arise among the paths, a regulation-guided cross-validation mechanism
is activated as a secondary arbitration step. Specifically, decision-critical visual attributes
extracted from the Analysis field, such as signal color and signal count, are compared
with the descriptions of the associated retrieved regulations. A regulation-consistency
score is then computed based on the co-occurrence count of these visual attributes within
the regulatory texts. The candidate with the highest consistency score is selected as the
final decision.

Overall, the framework performs verification and arbitration in a progressive manner.
Structured-format verification ensures output validity, multi-path parallel reasoning im-
proves decision robustness, and regulation-guided cross-validation resolves low-consensus
cases using external regulatory knowledge. Through the integration of these mechanisms,
the proposed framework improves the reliability, interpretability, and robustness under
complex operational conditions.

4. Standardized Visual Railway Signal Dataset Construction
The performance evaluation of the proposed framework relies on high-quality multi-

modal data resources and a reliable evaluation benchmark. Since the quality of input
data directly affects retrieval and reasoning reliability, this study constructs a standardized
railway visual-signal dataset and corresponding evaluation framework for railway safety
reasoning tasks. Figure 2 illustrates the overall construction pipeline of the proposed stan-
dardized dataset, and the following subsections detail each of its three main components.

4.1. Construction of the Standardized Railway Visual-Signal Dataset

The proposed dataset consists of three components: railway scene images, a regulatory
knowledge base, and structured question–answer (QA) pairs. The visual images provide
first-view railway operational scenes, the knowledge base contains standardized railway
regulations, and the QA pairs establish semantic associations between visual scenes and
operational rules.

4.1.1. Railway Scene Image Collection and Selection

Existing public railway datasets remain insufficient for railway safety reasoning re-
search, especially for large-scale datasets aligned with Chinese railway operational stan-
dards. Therefore, this study investigated available railway datasets, including RailSem19
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and FRSign, and selected RailSem19 as the primary visual source due to its large scale and
scene diversity.

Figure 2. Schematic Diagram Of The Standardized Dataset Construction Process.

RailSem19 is the first publicly available semantic scene understanding dataset for
railway environments, containing 8500 annotated front-view railway images collected from
train and tram driving cabins. The dataset covers diverse railway infrastructures, weather
conditions, illumination settings, and operational scenarios, including railway crossings,
station-entry operations, and shunting tasks. Such diversity provides strong generalization
capability for railway safety reasoning.

However, preliminary experiments revealed that some signal-related images in
RailSem19 suffer from low clarity, incomplete signal display, and inconsistencies with Chi-
nese railway signal standards. To address these limitations, this study manually screened
more than 1000 representative images and refined them according to the following crite-
ria: sufficient visual clarity, identifiable scene elements, explicit signal states, and diverse
operational conditions.

To further improve signal standardization, the selected images were manually adjusted
using standard signal references derived from the Railway Technical Management Regulations.
Signal colors and appearances were refined to better match standardized Chinese railway
signal representations. After processing, 500 high-quality railway scene images with
standardized visual signal characteristics were obtained. The dataset was further validated
using the Qwen3-VL model to ensure adequate image quality and signal visibility for
reasoning tasks.

4.1.2. Regulatory Knowledge Base Construction

The retrieval-augmented generation module requires a structured regulatory knowl-
edge source. Therefore, this study constructed the knowledge base using the Railway
Technical Management Regulations, which provide authoritative operational and technical
standards for railway transportation in China.

Since train drivers primarily rely on visual signal states during operation, this study
mainly adopted signal-related provisions from Chapter 3 of the regulations. The knowl-
edge base construction process includes document preprocessing, semantic chunking,
and vector indexing.

During preprocessing, the regulation documents were cleaned and standardized
through title extraction, whitespace normalization, and formatting correction while pre-
serving semantic integrity. In the semantic chunking stage, a hierarchical segmentation
strategy based on paragraphs and sentence-level punctuation was adopted to preserve
contextual coherence and avoid semantic fragmentation.
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For vector indexing, all knowledge chunks were encoded using the BGE-large-zh-
v1.5 embedding model to generate dense semantic representations. The same embedding
model was used during both indexing and retrieval stages to maintain semantic consistency.
Each knowledge chunk retained its corresponding rule identifier, enabling fact verification
during reasoning and suppressing hallucinated outputs.

4.1.3. Structured QA Dataset Construction

Based on the railway scene images and the regulatory knowledge base, this study
further constructed a structured QA dataset for railway safety reasoning tasks. Each
QA sample contains four components: image file name, question, ground-truth rule ID,
and reference answer.

The questions mainly focus on train operational states and potential safety risks,
including signal recognition, risk assessment, and operational safety recommendations.
The rule IDs correspond to specific clauses in the Railway Technical Management Regulations,
ensuring that each QA pair is supported by authoritative regulatory evidence.

To balance dataset scale and quality, a semi-automatic QA generation workflow was
adopted. First, a large language model generated preliminary QA samples based on
scene content and associated regulations using few-shot prompting. Subsequently, format
verification and semantic consistency checks were performed automatically to remove
invalid or inconsistent samples. Finally, ambiguous entries were manually reviewed and
corrected to ensure dataset reliability.

The final dataset consists of 500 manually refined railway scene images, a regulatory
knowledge base constructed from the Railway Technical Management Regulations, and struc-
tured QA pairs covering diverse railway operational scenarios and risk levels.

4.2. Evaluation Benchmark

To objectively evaluate the proposed framework, this study designs a comprehensive
evaluation benchmark covering retrieval quality, reasoning accuracy, inference efficiency,
and system reliability. The benchmark follows the principles of quantifiability, reproducibil-
ity, and practical relevance.

The evaluation framework includes four primary metrics:

• Rule Matching Accuracy, which evaluates whether the generated reasoning results
correctly identify relevant regulatory clauses;

• Retrieval Quality, which measures the effectiveness of the retrieval module in obtain-
ing semantically relevant knowledge;

• Inference Efficiency, which evaluates system response speed and reasoning latency;
• System Reliability, which assesses reasoning robustness and hallucination suppres-

sion capability under complex railway scenarios.

These metrics collectively provide a multidimensional evaluation of the proposed
railway safety reasoning framework.

5. Experiments
This section evaluates the proposed framework from four perspectives: retrieval ef-

fectiveness, reasoning strategy optimization, component contribution, and explainability
analysis. All experiments follow the controlled-variable principle to analyze the contribu-
tion of each module.

5.1. Experimental Settings

All experiments were conducted on a server equipped with NVIDIA GPUs. Qwen2.5-
VL-3B-Instruct was adopted as the vision–language model, BGE-large-zh-v1.5 was used
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as the text embedding model, and ChromaDB served as the vector database. For the
configuration, the retrieval module employs a TOP_K_RETRIEVAL of 10 and a distance
threshold of 2.0. The Visual Language Model (VLM) is deployed with N = 16 sequences,
a temperature of 0.1, a top-p of 0.8, a maximum of 512 tokens, and a GPU utilization factor
of 0.85.

It should be noted that the proposed framework operates in a zero-shot inference
manner, where the VLM is used directly for reasoning without any task-specific fine-
tuning or training on the railway dataset. This training-free paradigm, which enables
seamless adaptation to different large models, reflects the adaptability and decoupled
architectural design of the proposed approach, and allows the system to accommodate
diverse deployment scenarios by configuring different models. Therefore, all 500 samples
are used as the evaluation set, and no training/validation/test split is required.

5.2. Necessity of Retrieval-Augmented Reasoning

We establish two experimental setups to evaluate the impact of the retrieval mecha-
nism: (1) Baseline-NoRAG, a baseline comparison where no retrieval results are provided
during inference and the model relies entirely on parametric memory; and (2) Ours-Full,
the full system implementing the complete retrieval pipeline with BGE text retrieval for
regulation recall. The experimental results are presented in Table 1.

Table 1. Statistical Results of Ablation Study on the Necessity of Retrieval Methods.

Experiment Group Total
Samples Correct Accuracy

(%)
Retrieval
Failures

Reasoning
Failures

Baseline-NoRAG 500 142 28.40 - 358
Ours-Full 500 336 67.20 21 143

Note: In the Baseline-NoRAG group, the retrieval failure metric is denoted by “-” as no retrieval mechanism is
involved by experimental design, rendering this metric inapplicable.

The experimental results show that the model without retrieval augmentation achieved
only 28.40% accuracy, while the complete framework achieved 67.20% accuracy. This large
performance gap indicates that general-purpose large models lack sufficient knowledge
of the railway domain, especially when mapping signal combinations to corresponding
operational regulations. Therefore, introducing external regulatory knowledge is essential
for railway safety reasoning.

The complete framework achieved a retrieval failure rate of 4.20% (21/500), indicating
that the retrieval module successfully recalled relevant regulations in most cases. Retrieval
failures mainly resulted from the distance-threshold filtering mechanism, which removed
semantically weak retrieval results. Reasoning failures remained the dominant error source,
accounting for 28.60% (143/500) of all samples.

From a comparative perspective, the Baseline-NoRAG and Baseline-Single config-
urations serve as indirect references against non-augmented and single-inference VLM
baselines. The accuracy gap between Baseline-NoRAG and Ours-Full demonstrates the
critical contribution of retrieval augmentation, while the improvement from Baseline-Single
to Ours-Full validates the consensus-based reasoning strategy. Given that RAG-based
reasoning architectures for railway field-of-view perception remain largely unexplored,
self-contained ablation experiments were employed to strengthen the evaluation rigor.

5.3. Reasoning Parameter and Strategy Optimization

This experiment investigates the joint influence of retrieval parameters and reasoning
strategies on system accuracy. Five groups of controlled experiments were designed to
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analyze the effects of retrieval scale, multi-sequence reasoning, and consensus mechanisms.
The variable settings are listed in Table 2.

Table 2. Parameter Settings for Reasoning Strategy Optimization Experiments.

Experiment Group TOP-K N Sequence Temperature Description

Baseline-Single 10 1 0.2 Single inference baseline
Param-T5 5 16 0.1 Low TOP-K
Param-T15 15 16 0.1 High TOP-K
Param-N8 10 8 0.1 Medium sequence length
Ours-Full 10 16 0.1 Current configuration

The experimental results for different settings are presented in Table 3.

Table 3. Statistics of inference parameters and strategy optimization experiments.

Method Total
Samples Correct Accuracy

(%)

Voting
Consensus

(%)

Effective
Sequence Rate

(%)

Correction
Triggers

Baseline-Single 500 333 66.6 - 6.25 0
Param-T5 500 301 60.2 75.29 99.60 13
Param-T15 500 325 65.0 74.33 99.22 15
Param-N8 500 334 66.8 77.49 49.52 11
Ours-Full 500 336 67.2 75.0 99.40 13

Note: In the Baseline-Single group, the voting consensus metric is denoted by “-” as only a single inference
sequence is generated by experimental design, rendering this metric inapplicable.

Effect of TOP_K Retrieval Parameter. The TOP_K parameter significantly affects
system performance. When TOP_K was reduced to 5, accuracy decreased to 60.20%,
indicating that insufficient retrieval results may omit relevant regulations and lead to
incomplete reasoning contexts. In contrast, increasing TOP_K to 15 achieved 65.00%
accuracy, slightly lower than the baseline due to the introduction of semantically irrelevant
noise regulations that interfered with reasoning. These results suggest that excessively
small retrieval ranges limit knowledge coverage, whereas overly large retrieval ranges
introduce distracting information. Therefore, a moderate retrieval scale provides the best
balance between knowledge completeness and semantic relevance.

Effect of Multi-Sequence Reasoning. The sequence number parameter N controls the
number of parallel reasoning paths generated during inference and forms the basis of the
self-consistency voting mechanism. When N = 1, the framework achieved 66.60% accuracy.
Increasing N to 16 improved accuracy to 67.20%. The improvement demonstrates that multi-
sequence reasoning can reduce inference randomness and improve output stability through
majority consensus. Some reasoning paths inevitably produce incorrect conclusions due
to stochastic sampling, while consensus voting effectively suppresses unstable outputs.
When N = 8, accuracy reached 66.80%, indicating diminishing returns as the number of
reasoning sequences increases. Therefore, practical deployment should balance reasoning
performance and computational cost.

Temperature and Consensus Mechanism. The single-sequence baseline used a tem-
perature of 0.2, whereas all multi-sequence settings adopted a lower temperature of 0.1.
Lower temperature values produce more concentrated output distributions, which improve
convergence among reasoning sequences and provide a more stable basis for consensus
voting. The voting consensus rate of multi-sequence reasoning ranged from 74.33% to
77.49%, indicating partial diversity among reasoning paths. The proposed framework
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achieved an effective sequence rate of 99.40%, allowing majority voting to operate on
sufficient valid samples and thereby improving statistical reliability.

Voting Consensus Analysis. Since Baseline-Single generates only a single sequence,
the voting process is not involved, making the consensus metric inapplicable. For multi-
sequence inference, the voting consensus spans from 74.33% to 77.49%, indicating a certain
degree of divergence among the generated sequences. Specifically, Param-N8 achieves the
highest consensus but suffers from an insufficient voting base, as its effective sequence
rate is merely 49.52%, meaning nearly half of the sequences are eliminated during for-
mat verification or hallucination filtering. In contrast, the Ours-Full group achieves an
effective sequence rate of 99.40%. This high yield ensures that majority voting is con-
ducted over a sufficient sample size, thereby lending greater statistical significance to the
consensus conclusions.

Cross-Validation Mechanism. Based on the parameter optimization experiments,
comparative experiments were further conducted to evaluate the effectiveness of the cross-
validation mechanism. The experimental results are shown in Table 4. The proposed
framework further introduces an internal cross-validation mechanism for low-consensus
scenarios. When the confidence of majority voting is insufficient, the system performs
secondary verification using explicit visual signal attributes such as signal color and sig-
nal count. The cross-validation mechanism improved accuracy from 66.0% to 67.20%,
demonstrating its effectiveness in correcting ambiguous reasoning outputs. This mech-
anism mainly contributes in low-consensus situations where statistical voting alone is
insufficiently reliable.

The multi-path consensus voting mechanism operates most effectively when the major-
ity of reasoning paths converge toward the correct answer, which is supported by the high
effective sequence rate (99.40%) and the voting consensus range (74.33–77.49%) observed
in our experiments. Similarly, for the cross-validation mechanism, the experimental results
indicate that this mechanism is capable of improving system accuracy to a certain extent at
a relatively low computational cost. However, it is worth noting that for retrieval entries
with highly similar semantic descriptions, both mechanisms still cannot achieve correct con-
sensus selection or substantial correction of system reasoning results under extreme cases.
Addressing such limitations may require further improvements in the model’s intrinsic
reasoning capability and its ability to comprehend semantically critical information.

Table 4. Comparative Experimental Data Statistics of Cross-Validation Mechanism Effectiveness.

Experiment Group Cross-Validation Total Samples Correct Count Accuracy (%) Correction
Trigger Times

Ablation-NoCrossover Disabled 500 330 66.0 0
Ours-Full Enabled 500 336 67.2 13

5.4. Component Ablation Study

This experiment evaluates the contribution of each system component by selectively
removing specific modules from the complete framework. The experimental design and
dataset are summarized in Table 5.

Retrieval-Augmented Reasoning. Removing retrieval augmentation reduced accu-
racy from 67.20% to 28.40%, representing the largest performance degradation among all
ablation settings. This result demonstrates that railway safety reasoning strongly depends
on domain-specific regulatory knowledge and cannot be reliably handled by general-
purpose large models alone.
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Table 5. Component Contribution Ablation Experimental Data Statistics.

Experiment Group Description Accuracy (%) Relative Change from
Baseline (%)

Ours-Full Full System (Baseline) 67.2 -
Ablation-NoRAG Remove Retrieval-Augmented Generation 28.4 −38.8

Ablation-NoVoting Remove Majority Voting 65.0 −2.2
Ablation-NoCrossover Remove Cross-Validation 66.0 −1.2

Ablation-AllSeq1 Number of Inference Sequences = 1 66.6 −0.6
Note: In the Ours-Full group, the relative change metric is denoted by “-” as this group serves as the baseline by
experimental design, rendering this metric inapplicable.

Multi-Sequence Reasoning. Removing the multi-sequence reasoning mechanism
reduced accuracy from 67.20% to 66.60%. Although the performance decrease is relatively
small, the results indicate that multi-path reasoning mainly improves robustness for difficult
and ambiguous samples by reducing stochastic inference errors.

Majority Voting Mechanism. Removing majority voting reduced accuracy from
67.20% to 65.00%. Without consensus selection, the system loses the ability to filter in-
consistent reasoning outputs, leading to increased instability. Majority voting and multi-
sequence reasoning jointly form the self-consistency reasoning mechanism of the pro-
posed framework.

Overall, retrieval augmentation is the most critical component, while multi-sequence
reasoning, majority voting, and cross-validation jointly improve reasoning robustness
and consistency.

5.5. Error Analysis and Explainability Evaluation

This experiment analyzes system errors from both quantitative and qualitative per-
spectives and evaluates the explainability of model outputs, as presented in Table 6.

Table 6. Error Type Attribution Data Statistics.

Error Type Count Subdivided Source

Retrieval Failure 21 Threshold Filtering/Knowledge
Base Missing

Inference Failure 143 High-frequency Confusing Rules

Among all 164 error samples, retrieval failures accounted for 12.80%, while reasoning
failures accounted for 87.20%. Retrieval failures occurred when the correct regulatory
clauses were not recalled or were removed during distance-threshold filtering, causing the
reasoning model to lose critical references. In contrast, reasoning failures occurred even
when the correct regulations had already been retrieved, mainly due to rule confusion or
visual misinterpretation. For reasoning failure cases, high-frequency pairs of confusing
rules were further analyzed, as presented in Table 7.

In addition, to systematically evaluate the interpretability of the system’s structured
JSON outputs, we design a multi-dimensional framework grounded in the core decision-
making pipeline. This framework maps interpretability onto four complementary dimen-
sions, each corresponding to a critical field in the JSON structure. The specific evaluation
criteria are detailed in Table 8.

Perception is the foundational step of the decision-making pipeline, providing visual
observations for subsequent rule citation and action reasoning. Perceptual errors propa-
gate through the pipeline and undermine downstream decision validity. The perception
accuracy evaluation criteria is presented in Table 9.
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Table 7. Interpretability Evaluation Data of High-Frequency Confusion Pairs.

Confused
Rule Pair

Misjudgment
Count

Difficulty
Level

Typical Feature

Rule 16 ⇒ Rule 41 14 High Different Actions: Pass ↔ Stop
Rule 41 ⇒ Rule 40 14 High Different Actions: Stop ↔ Pass
Rule 43 ⇒ Rule 42 13 High Correct Rule Contains Yellow, Misjudged Rule Does Not
Rule 15 ⇒ Rule 40 9 Medium Different Actions: Permit ↔ Pass
Rule 39 ⇒ Rule 40 9 Medium Different Actions: Permit ↔ Pass

Note: In this table, “⇒” denotes “misclassified as” and “↔” denotes “specific misclassification content of the rule”.

Table 8. Interpretability Evaluation Criteria Setting.

Evaluation
Dimension

Corresponding
Field

Scoring
Standard (1–5) Description

Perception Accuracy Analysis 1–5 Whether the signal recognition and scene understanding is correct
Rule Citation Accuracy Rule_Applied 1–5 Whether the Cited Rule ID Matches the Description

Operation Suggestion Rationality Action 1–5 Whether the Action Matches the Rule
Overall Consistency Comprehensive 1–5 Whether the Three Fields Are Self-Consistent

Table 9. Perception Accuracy Evaluation Criteria.

Score Criterion

5 Complete Correct Description of Visual Information
4 Slight Quantity Deviation, or Imprecise Wording
3 Correct Core Visual Information with Additional Wrong Description
2 Most Descriptions Are Wrong, Only a Small Amount of Information Is Correct
1 Completely Wrong

Rule citation serves as the critical bridge between visual perception and operational
decision-making, translating observed conditions into rule-based constraints. Rule ID
matching accuracy directly determines the legality and relevance of subsequent action
recommendations. The rule citation evaluation criteria is presented in Table 10.

Table 10. Rule Citation Evaluation Criteria.

Score Criterion

5 ID Completely Consistent
1 ID Inconsistent

Operational action recommendations are the final output of the decision-making
process, directly dictating vehicle behavior and carrying significant safety implications.
A 5-level scoring rubric is developed to evaluate alignment between actions, perceived
conditions and cited rules. The rationality evaluation criteria for inference effectiveness is
presented in Table 11.

Table 11. Rationality Evaluation Criteria for Inference Effectiveness.

Score Criterion

5 Action is completely consistent with the requirements of the correct rule
4 Direction is correct but wording lacks precision
3 Partially reasonable; key actions are omitted or direction deviates
2 Incorrect action direction
1 Completely unreasonable or missing
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The overall consistency, which evaluates the logical coherence among the Analysis,
RuleApplied, and Action fields, is introduced in Table 12.

Table 12. Overall Consistency Evaluation.

Score Criteria

5 Fully self-consistent logic between actions and three fields: complete chain of Analysis description, corre-
sponding Rule, and corresponding Action

4 Generally self-consistent, with only minor contradictions at the wording level

3 Partially self-consistent: Analysis description generally corresponds to Rule, but Action deviates from the
first two

2 Obvious contradiction: e.g., Analysis describes “red light” but Action judges “permit to pass”
1 Severe contradiction: three fields conflict with each other, completely illogical

Here, the Qwen_Plus large language model is used to interpret the output re-
sults for comprehensive interpretability evaluation. For each evaluation dimension
d ∈ {perception, rule, action, consistency}, where sd,i ∈ [1,5] denotes the score of the i-th
sample on dimension d, the global average score across all N samples is computed as:

Sd =
1
N

N

∑
i=1

sd,i (1)

To examine whether scoring patterns differ between correct and incorrect predictions,
we further compute grouped averages. Let C+ denote the set of samples where the
predicted rule matches the ground truth (is_correct = True), and C− the set of error
samples (is_correct = False). The average score within each group is:

S+
d =

1
N+ ∑

i∈C+

sd,i (2)

S−
d =

1
N− ∑

i∈C−
sd,i (3)

To measure the dispersion of per-sample scores on each dimension, the standard
deviation is computed as:

σd =

√√√√ 1
N

N

∑
i=1

(sd,i − Sd)2 (4)

The interpretability evaluation results are presented in Table 13.

Table 13. Dimension-Level Interpretability Evaluation Results.

Evaluation
Dimension

All Samples
Average Score

(Sd)

Correct Cases
Average Score

(S+
d )

Error Cases
Average Score

(S−
d )

Standard
Deviation

(σd)

Visual Perception Accuracy 4.96 4.99 4.88 0.29
Rule Citation Accuracy 3.70 5.00 1.00 1.87

Operation Suggestion Rationality 4.66 4.95 4.05 0.72
Logical Consistency 4.16 4.97 2.48 1.22

Experimental results show that perception accuracy remains relatively high even in in-
correct cases, indicating that the vision–language model possesses strong signal recognition
capability. Most errors originate from rule-level reasoning rather than visual perception
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itself. Moreover, operational recommendations often remain directionally reasonable even
when rule citation errors occur, suggesting partial robustness in semantic reasoning.

However, incorrect rule references significantly reduce overall logical consistency be-
cause they break the reasoning chain among analysis, applied regulations, and operational
recommendations. Correct predictions generally exhibit stronger internal consistency and
higher explainability quality.

A deeper analysis of the high-frequency confusion pairs reveals that the primary
cause of misclassification lies in the visual similarity between signal configurations that
correspond to operationally distinct regulations. For instance, the confusion between
Rule 16 (Pass) and Rule 41 (Stop) often occurs when signal color differences are subtle or
when multiple signals are partially occluded, making it difficult for the model to reliably
distinguish the governing rule. Similarly, confusions involving Rule 43 and Rule 42 stem
from the presence or absence of yellow signal indications, which can be ambiguous under
varying illumination conditions.

To address these challenges, several optimization strategies can be considered:
(1) Fine-grained regulation chunking that separates operationally similar rules into more
discriminative knowledge chunks; (2) Hard negative sampling during retrieval to improve
the model’s ability to distinguish between easily confused rule pairs. These strategies will
be explored in future work to further improve the framework’s reasoning precision in
high-confusion scenarios.

5.6. Inference Efficiency Analysis

To evaluate the practical inference efficiency of the proposed framework, we measure
the end-to-end latency on a server equipped with a single NVIDIA RTX A6000 GPU.
The framework consists of three model components: Qwen2.5-VL-3B-Instruct as the VLM
backbone (3B parameters, bfloat16 precision), BGE-large-zh-v1.5 for text retrieval (325.5 M
parameters, CPU-based), and chinese-clip-vit-base-patch16 for visual encoding, with a
combined disk footprint of 10.83 GB. During inference, the VLM generates 16 parallel
sequences via the vLLM framework, with the actual active GPU memory consumption
ranging from approximately 9 to 12 GB.

Under the full configuration, the average end-to-end latency per sample is 11.31 s
(median: 10.95 s; min: 7.83 s; max: 17.00 s), covering the complete pipeline of retrieval,
visual perception, 16-way parallel inference, consensus voting, and cross-validation, with a
total processing time of 5654.71 s for all 500 samples. When reducing the retrieval count
to 6 and inference sequences to 5, the average latency decreases to 4.45 s (median: 4.37 s;
min: 3.33 s; max: 6.09 s), representing a 60.8% reduction, while accuracy drops to 59.0%.
These results indicate a significant trade-off between inference efficiency and reasoning
performance, and the configurable sequence parameters provide flexibility for different
deployment contexts.

6. Conclusions
This paper presented a retrieval-augmented vision–language framework for railway

signal cognition and safety reasoning in train driving scenarios. By integrating front-
view railway scene understanding, regulation-oriented knowledge retrieval, structured
multi-modal reasoning, and consensus-based decision arbitration, the proposed framework
establishes a regulation-grounded cognition pipeline that connects visual signal percep-
tion with railway operational rules. In addition, a dedicated railway signal dataset with
standardized signal representations and structured QA annotations was constructed to
support regulation-oriented multi-modal reasoning and evaluation. Experimental results
demonstrate that incorporating railway regulations as external knowledge significantly im-
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proves reasoning performance and reliability compared with conventional vision–language
reasoning approaches. The ablation studies further confirm the effectiveness of retrieval
augmentation and show that consensus-based reasoning strategies contribute to more
stable and consistent decision-making. These findings highlight the importance of combining
domain-specific regulatory knowledge with multi-modal reasoning for safety-critical railway
applications. Future work will focus on improving retrieval precision, expanding regula-
tory knowledge coverage, and enhancing fine-grained regulation-aware reasoning to further
improve the robustness and interpretability of intelligent railway safety cognition systems.
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